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Abstract

Considering the inputs of a feed-forward neural network as random variables, this paper proposes a definition of partial derivative
of a function with respect to a random variable in the probability measure space. The mathematical expectation of the mean square
or absolute value of the partial derivative is regarded as a type of measure of the network’s sensitivity, which extends Zurada’s
sensitivity definition of networks in Zurada et al, [Perturbation method for deleting redundant inputs of perceptron networks,
Neurocomputing 14 (1997) 177-193] from the certain environment to the stochastic environment. Furthermore, for the purpose
of network’s redundant feature deletion or feature selection, the new sensitivity measure is applied to the sensitivity analysis of Radial
Basis Function Neural Networks (RBFNNs). The feasibility and the effectiveness of the sensitivity approach to redundant feature

deletion are illustrated.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Radial Basis Function Neural Networks (RBFNNs) are
powerful computational tools for regression and classifica-
tion. Based on the training data sets, RBFNNs form a
special structure, which employs the high dimension of the
hidden layer and the nonlinear hidden neurons, to simulate
the training data sets within a required accuracy. This
special structure usually leads to a problem, that is, the
hidden layers sometimes are too high to be studied.
Therefore, it is necessary to introduce the simplification
of the networks.

A number of researchers have proposed many meth-
odologies to solve the network simplification problem, such
as improving the training algorithm [1,2], sensitivity-based
feature selection [3.,4] and sensitivity analysis of the centers
of the hidden neurons [5]. These methodologies aim to
simplify the network without depressing its performance.
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Among these methodologies, the sensitivity-based network
simplification is one of the most effective and most
promising techniques.

Sensitivity analysis of features is a fundamental issue in
neural network design. It can be used as the means of
feature selection, simplifying the neural network and
improving the generalization performance. A number of
useful methodologies have been put forward to investigate
the sensitivity of the networks [6, 10-12]. For a Multilayer
Feed-Forward Neural Network (MFNN), one of the most
popular techniques in network simplification is to delete
redundant features by using the derivative-based sensitivity
measure which is defined in [6] by Jacobian matrix. It is
assumed in [6] that the network performs a nonlinear,
differentiable mapping. To apply the sensitivity measure to
delete the redundant inputs, Zurada et al. in [6] suggested
several ways of averaging the set of training patterns.
Zurada’s methods to delete redundant inputs can also be
used to the RBFNN since RBFNNSs are one kind of feed-
forward neural network with a single hidden layer and
perform the nonlinear, differentiable mapping.
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Considering the inputs of a feed-forward neural network
as random variables, this paper proposes a definition of
partial derivative of a random function with respect to a
random variable in the probability measure space. Noting
that in [6] the sensitivity measure is defined as the partial
derivative in common sense, this paper considers the
mathematical expectation of the partial derivative as a
type of measure of the network’s sensitivity, which extends
Zurada’s sensitivity definition of networks in [6] from the
certain environment to the stochastic environment.
Furthermore, for the purpose of network’s redundant
feature deletion or feature selection, the new sensitivity
measure is applied to the sensitivity analysis of RBFNNs.
The feasibility and the effectiveness of the approach to
redundant feature deletion are illustrated.

2. Definition of derivative with respect to a random variable

Let f(x1,x2,...,x,) be a given real differentiable
function with n real variables. We use the function f to
denote the output of a feed-forward neural network and
X1,X2,...,X, to denote the network inputs (features). As
assumed in [6], the network performs a nonlinear and
differentiable mapping. According to Zurada et al. [6]
where the network output is multi-values, the network
sensitivity at an input point (a;,as, ..., a,) is defined as the

vector
of of of
o . 2.1
(ax1 Oxy’ ’axn> (@102 tt) .

Then, Zurada et al. suggested in [6] that the network
sensitivity on a training set is resulted from (2.1). Over a

given training set
(i))‘
., a ,
" j:1,2,...,N}
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one type of network sensitivity, i.e., the mean square
average sensitivity, is defined as (s, 52, ..., 5,)

v v (L))’
J

=1

(2.2)

where N is the number of patterns in the given training set.

This paper is aiming at generalizing the network sensiti-
vity (2.2) from the case of real variables xi, x,, ..., x, to the
case of random variables ¢&;,&,,...,¢&,. In order to
accomplish this extension, first of all, the definition of
partial derivative in the probability space is given.

Some definitions of a random process with respect to
time variable ¢ can be found in Refs. [e.g. 13-16]. For
example, suppose one defined random process {X(¢), t €
T} has the second moment. The random process is mean
square differential at t if (X(t+ h) — X (¢))/h converges to
X'(#) in mean square for given ¢ € T. X'(¢) is defined as the
mean square derivative of X(f). X'(¢) is still one random
process having finite second moment, i.e. E[X'(1)]* < oo.

Note that this derivative definition was defined with
respect to the time item, not to the random variable. To
generalize the sensitivity definition referred in [6], we need
to consider the derivative of the function of random
variable, with respect to its random variable. Motivated by
the sensitivity improvement, the new derivative definition is
given below with respect to its random variable.

Definition 2.1. [7] Let &, &, &, ..., &y, be a series of random
variables defined on a probability space (Q, A, P). {&,} is
said to converge in probability to ¢ if and only if the
following limit:

P(

— §|>8}) — 0(n — o0) (2.3)

holds true for Ve>0.

We use &, iR &(n — o0) to denote that {&,} converges in
probability to &.

Definition 2.2. Let £ be a random variable defined on a
probability space (2, A, P) and f(x) be a real differentiable
function. Replacing the real variable x with random
variable ¢ inside f, we can construct a series of random
variables

€+ 4) -1
n — An

for any fixed real sequence {4,|4,#0, n=1,2,...} con-
verging to 0. If there exists a random variable t such that
the sequence {t,} converges in probability to 7, then we call
the random variable 7 as the derivative of f(£) with respect
to ¢, denoted by /().

2.4)

Theorem 2.1. Let & be a random variable and f(x) be a real
differentiable function. Then the following equality holds:

reo=2e. 2.5)

where the left is defined as in Definition 2.2 and the right
means that the real variable x in the real function df/dx is
replaced with the random variable &.

Proof. The correctness of Eq. (2.5) is equivalent to prove
that

P EEBSO Y ool o oo 20

holds true for Ve>0. It is sufficient to verify
E(f(f +4) /@)
i

is valid [7].

Noting that lim (f(x + 4,) — f(x))/4, = df /dx implies
that |(f(x +4,) —f(x)/4, — df/dx] <e¢ for Vex>0, we
obtain

<f(x + 4,) — f(x) df>
A4, dx

df (é)) -0, (n— o0)
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According to the Control and Convergence Theorem [9],
the above formula can be followed by

FE+A)—f©&) df L\’
£ (A—n_a@

_/oo (f(x"'An)_f(x)_%

- A4, dx

o0

2
) ¢(x) dx

<82/ o(x) dx = &2,

oo
where ¢(x) is the density function of random variable £.
Thus (2.6) is proved to be valid. The proof is completed.

Similar to the derivative of real-valued function, the
derivative given in Definition 2.2 has the following simple
properties.

Theorem 2.2. Let & be a random variable, f(x) and g(x) be
two real differentiable functions, and c;, ¢, be two real
constants. Then the following equalities hold:

(@) (af () +29(8)) = aif (&) + 29 (9),
(i) (f(&)-g&) =1 g(&) +1(5)- g,

where the derivatives are given by Definition 2.1.

2.7)

(2.8)

Theorem 2.2 can be easily proved based on Theorem 2.1
according to the properties of the derivative of real-valued
function.

Definition 2.2 can be easily extended to the case of
multiple variables.

Definition 2.3. Let &, ¢&,,. .., &, be n random variables defi-
ned on a probability space (Q, A, P) and f(xy, x2,...,X,) be
a real differentiable function. Replacing the ith real
variable x; with random variable ¢&; inside f for each
i(1<i<n), we can construct a series of random variables

oSG G A G) = (G G5 Ca)
" v

for any fixed real sequence {4,|4,#0, n=1,2,...} con-
verging to 0. If there exists a random variable t such
that the sequence {t,} converges in probability to 7, then
we call the random variable t© as the partial derivative
of f(¢1,&,,...,&,) with respect to ¢&;, denoted by
S, &, &), in short, £,

Similar to Theorem 2.1, we have the following Theorem 2.3.

Theorem 2.3. Let &1,&5,..

2.9)

., &, be n random variables and

f(x1,x2,...,x,) be a real differentiable function. Then we
have:

, of
f(,»)(il,éz,-.-,fn)=g(51,52,---,§n), (2.10)

where the left is defined as Definition 2.3 and the right means
that the real variables x\,x, ..., X, inside the real function
0f]ox; are replaced with the random variables £,¢,,. .., ¢,
respectively.

Proof. Similar to the proof of Theorem 2.1.

3. Extending Zurada’s sensitivity from real variables
to random variables

Based on the definitions and theorems proposed in
Section 2, we can generalize the sensitivity Definition 2.2 by
giving the following Definition 3.1.

Definition 3.1. Consider a trained differential feedforward
neural network in which the inputs are random variables
&1, &5, ...,¢,. The mean square average sensitivity vector is
defined as (s, s2,...,s,) where

si=\E[()]

= \//(f;i)(xlsxza .. 9xﬂ))2dF(x15x23 .. 9xﬂ)s

3.1)

where F(x,x3,..
random variables (&, &,, ..

.,X,) denotes the joint distribution of

* 511)'

It is noted that Eq. (3.1) can be estimated on a sample
set (training set). According to parameter estimation
theory in mathematical statistics [8], (2.2) can be the
best estimation of (3.1) over the training set D=
(@,df,...,a")\-15..x} when the distribution of
(&1,85,...,E) is never considered. But generally, the
computation of (3.1) will depend on the joint distribution
of (&1,&5,...,¢,). In this sense, our definitions (3.1) indeed
generalizes (2.2) given by Zurada et al. in [6].

For one certain differential feedforward neural network,
the calculating formulae of Eq. (3.1) are expected to be
explicitly derived when the joint distribution is known. For
illustration, we just deduce the sensitivity calculating
formulae for one trained RBFNN in case that the random
variables are independently and normally distributed.

3.1. Sensitivity measure of RBFNN with one output

As a feed-forward network performing a nonlinear and
real differentiable mapping, a trained RBFNN can be
expressed as follows:

Zn_ Xi — Uj; 2
SO, xa, .00 x) = XL, w; (exp (’_1(1)> ) , (32

—20}
where n is the number of features (i.e. the number of
dimensions of input vector), m the number of centers,
(wji,up, ..., u;,) the jth center, v; the spread of the jth
center, and w; the weight of the output Ilayer,
j=1,2,...,m. The derivative of the network to the ith
variable is as following:

of & T o — )t [ X0 —
ox; ; M exp( —20v? —v? )

J J

(3.3)

Consider all inputs of a RBFNN as random variables
&1,8s,...,&,. According to Theorem 2.3, after replacing the
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real variables xi,x»,..
variables &;,&,,..
derivative:

. G — )\ (& —uy
fo= ; wj exp( 5 — |

J J

.,x, in Eq. (3.3) with random
.,¢,, we can get the following partial

(3.4

Theorem 3.1. Suppose that random variables &,,¢&,, ..., &,
are independently and normally distributed with mean
(1> Loy - - - » ) and variances (63,63, .. .,0%). Then the mean

square average sensitivity defined by (3.1) has the following
computational formula:
m 2
7 \271 g; 1 bi bi
E[(f)] = ; ; wiw, (;’l + sz—vlz (a—l - ”z‘/) <a—l — Uy

o (1 (e = bR ax
o3 () )
(3.5)

i=12,...,n,

m

where

2 2 2 2 2.2
ax = v;0y, +vjak +vjv,,

2 2 2 2 2.2
by = viojug + v; Tictirs + 00 iy

2 2 2 2 .2 2 22,2

The proof is placed in Appendix A.

Definition 3.1 shows that the new sensitivity measure
given by Definition 3.1 has extended the sensitivity measure
given by Zurada et al. in [6]. The extension is achieved by
considering all real inputs as random variables. Theorem
3.1 shows that for RBFNNs the computational formula of
the sensitivity magnitude depends only on the numerical
characteristics such as means and variances of the inputs
(which are random variables). Since the means and
variances of a random variable can be easily estimated
from a given training set, formula (3.5) is easy to
implement. One key point required to note is that the
formula (3.5) is data-driven. It means that we can compute
the sensitivity of a feature for the RBFNN once the dataset
is given explicitly. Another key point is that the sensitivity
definition given by (3.1) is independent of the perturbation
of variables. There will not exist such a case that a feature
has sensitivity o for a perturbation but has sensitivity
P(#a) for another perturbation.

In comparison with the sensitivity measure given in [6],
we list the following differences and similarities.

(1) This paper investigates only one type of feed-forward
neural networks, i.e., RBFNNs while paper [6] in-
vestigates the general feed-forward neural networks.

(2) The network outputs in this paper are reduced into one
value for simplicity while the paper [6] handles the
multi-valued output.

(3) All real inputs of the network in [6] are here replaced
with random variables.

(4) The sensitivity measure is based on the joint distribu-
tion of random input-variables instead of the training
data.

(5) When the distribution information of the random
inputs is not considered, the sensitivity estimation over
a training set will degenerate to the case given in [6].

(6) Both sensitivity measures can be used for redundant
feature deletion or feature selection of a feed-forward
neural network.

(7) The computational complexity of the sensitivity mea-
sure proposed in this paper is O(n x m?) but the
corresponding complexity in [6] is O(N x n? x m).

(8) With different distributions of the inputs, the sensitivity
formulae (3.5) will change. The calculating formulae
would be derived correspondingly.

Unfortunately, for the above item (8), when the random
variables are non-Gaussian distribution, the calculating
formulae are usually very difficult to derive, or very
complex. For example, when the random variables are
uniform distribution, the calculating formula (3.1) is (B.1),
which can be found in Appendix B (the formula also
illustrates the changes go with different distribution). To
deal with this situation, we can recur to the approximation
of the sensitivity measure (3.1) on the training set.

Given the training dataset D = {(a{, ¥, ..., aP)|i1 2. v}
the sensitivities can be estimated on the training dataset,
taking the distribution into consideration. The sensitivity
formula of ith feature of the network (3.1) can be rewritten as

2= E[(f{i))z}

=[Gt ) dF G ) (3.6)
Assuming the random variables are all independently and
continuously distributed, Eq. (3.6) can go a further step:

oo oo
sf:/ / (f;i)(xl,xz,...,x,,))zdF(xl,m,...,xn)
- —00

oo

o0 o0 n
_ / . / (it Xas o x) [ 0e0) dxr ds . s
- —oo k=1

e e}

(3.7)

where ¢(x;) (1<i<n) is the density function of the ith
feature. This integration can be approximated by

57 =/ o / (f (X, %2, .., X)) H o(xr)dx;dx; .. .dx,
—00 —c0 =1

N . ) ) n .
= (o xh XD [ [ e(x)) doy, (3.8)
j=1 k=1

where (x’i,x’é,...,x{;)(j =1,2,...,N) is the jth pattern of
the whole dataset, N is the number of the dataset,
do; = (by —a))(by — @) ... (b, — a,)/N, a; = min{x}, j = 1,
2,...,N}, by =max{x,,j = 1,2,... , N} (I<i<n).
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3.2. Sensitivity measure of RBFNN with multiple outputs

Considering an RBFNN with multiple outputs, the
sensitivity measure can be calculated similarly to the mea-
sure for single output network. Assuming that the RBFNN
has s outputs, then the output vector of the network can be
expressed by (y,V,...,¥,). Let wie = Wi, wia, - . ., wk,,)T
be the kth weight vector connected to the kth output. Thus,
each output can be calculated by

m n )2
ykzz:wk/(exp(EL;‘(g—'zbb’))), k=1,2,...,s.
— ’ — 207

Jj=1 J

In this situation, the partial derivatives of the network
with respect to the input x; are denoted by the vector
(0y,/0x;,0p,/0x;, ..., 0y,/0x;). The derivatives can be
denoted by Eq. (3.3) via replacing the w; with wy;. That is

W S (5 — )
a_xi = < M}kj eXp _21]/2

X <xi_2uij>, k=12...,s.
Y

According to Theorem 3.1, the expectation of the
derivative vector

_ (g 5 g
o= (B(2). B(2)....p(2

can be calculated by Eq. (3.5). We would like to measure
the sensitivity of the network with respect to the input by a
real number, not by a vector. There are many ways to
measure the vector, for example, the following three types:

(1) Length of the vector: s; = |l¢;]|.
(2) Maximum of the vector: s; = max{E (%), E (aﬂ), e,

ax,- ax,-
9
E(&)}
ox; .

(3) Minimum of the vector: s; = min{E(%),E(%), e,

ax,' ax,'
;s
E (axi) } ’

Thus it gives the sensitivity measure of the multiple-
output network with respect to each input.

4. Simulation and comparison
4.1. Pretreatment

It is noted that the sensitivity measure (3.1) depends on
the joint distribution. In practice, various situations will be
encountered. Therefore pretreatment of the given informa-
tion is needed for numerical simulations. The situations
encountered are perhaps classified into three cases.
Different pretreatment is carried out for different cases.

o A complete sample dataset is available and its distribu-
tion is supposed to be known. In this ideal case, Eq. (3.5)
(for normal distribution) or another formula (for

another distribution) can be applied directly. For
simulation, the distribution mean and variance will be
got directly from the distribution. The training dataset
composed of N samples will be drawn according to the
distribution.

e A complete sample dataset is available, but its distribu-
tion is unknown. In this case, based on statistical
estimation theory, we may first assume the variable obey
some distribution (such as poisson, exponent, normal-
ity), then use the database to test the hypotheses, and
finally decide whether the hypotheses of the distribution
can be receivable or not. The calculating formula will be
derived according to the gained distribution informa-
tion. For simulation, the training dataset will be the
given sample dataset. The distribution mean and
variance will be given by the sample mean and variance
based on the training dataset.

e A sample dataset is not available but only the empirical
mean and variance are given. In this case, if no any
additional information is available, we are mere to
suppose a normal distribution and use formula Eq. (3.5)
by substituting empirical mean and variance for
distribution mean and variance within Eq. (3.5), and
then convert to the first case. That is, for simulation, the
distribution mean and variance will be got directly from
the distribution and the training dataset composed of N
samples will be drawn according to the distribution.

4.2. Rule for selecting the redundant features

We use a simulation to approximate a real function to
show the feasibility and effectiveness of our proposed
sensitivity measure application to redundant feature
reduction.

Let f(x1,x2,...,x,) be a given real differentiable
function with n real variables, and (¢;,&,,...,&,) be n
independently distributed random variables. Their mathe-
matical expectations (u;, t, - .., 1,) and variances (3,03,
...,0%) can be obtained from their distribution informa-
tion. Consider the random variable f(¢;,¢&,,...,¢&,). Ob-
viously the equality o]? = 0 (for some certain j) implies that
the jth variable ¢; will take the constant value ;. The
constant in a (random) function has no important impact
on the function’s structure and properties. Therefore, we
can regard the variable (feature) being constant in a
function as redundant. Based on this idea, we can think
that a random variable (feature) with very small variance is
considered as redundant.

Training patterns (training data set) can be drawn from
the random variable f(&4,¢&,,...,¢,). Suppose that the N
drawn patterns are represented as

(ili=12,....my), i=12...,N,

where (x;1, X2, ...,Xi;) 1s a sample coming from the distri-
bution of random variable &; and y; = f(x1, X2, ..., x,). If &
has a very small variance, then according to the above
discussions we consider it as a redundant feature.
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Using the N drawn patterns, we can train a network to
approximate the function f(xj,xs,...,x,). Suppose that
some features have very small variances and therefore are
determined as redundant for the function f(xy, x2, ..., Xy).
The problem is whether we can detect these redundant
features by using our sensitivity formula of networks.

When the network training is done, we select the criteria
for pruning inputs similar to the criteria mentioned in [6].

First, we calculate sensitivities of all features according
to the corresponding formulae. Those sensitivities are then
ranked in ascending order,

SoH<Surny, i=12,...,n—1

Second, calculate the sensitivity gap between the two
neighbor features,

Sty .

g; So) i=1,2,...

Then find the largest gap g; and the second largest gap
9ip - I g;  1s much bigger thang,  .ie Cg;, >g; .,
where C is chosen arbitrarily within the reasonable range,
e.g. C=0.5, the features whose sensitivities are smaller
than S, ) are thus selected to the pruning candidate
inputs.

Given a real differentiable function f(x1, x2, ..., Xx,) with
n real variables and a random vector (&1,&5,...,¢&,)
following some known distribution, we now list our
experimental procedure as follows.

Step 1: Get N patterns according to the pretreatments
mentioned in Section 4.1.

Step 2: Get the mathematical expectations and the
variances for all features.

Step 3: Compute the target output according to the
function f(xy, x3,...,x,) for each pattern.

Step 4: Construct one network and train it with the N
drawn patterns and their target outputs.

Step 5: Calculate the sensitivities according to the
corresponding formulae.

Step 6: Sort the sensitivities in ascending order.

Step 7: Calculate the sensitivity gap of the sorted
features.

Step 8: Find the largest gap ¢g; and the second largest
£aAP i 1t

Step 9: Determine the candidate features for deletion
according to the pruning criteria mentioned above.
Step 10: Delete the candidate features and check the
testing accuracy.

4.3. Simulations

Following the experiment procedure steps 1-10, a
number of experiments have been conducted to illustrate
the new sensitivity measure application to feature reduc-
tion. Here we report the experimental results related to the
approximation problem using one RBFNN and the

comparison with sensitivity measure proposed in [6]. The
sensitivity is calculated according to (3.5).
Consider the following function:

f= sin(tan(x%) — X3X3) — X4X5

+ exp(xg sin x7 + Xg) + X9 — X7, (4.1)

which is the function we will construct one RBFNN to
approximate. There are 10 features in the function. We can
assume some of them to have very small variance.
Therefore, according to the above discussion, these
features are considered as redundant features existing in
the dataset.

For example, x3, xg and xy are assumed to have very
small variance (0.001). Based on a joint normal distribution
where x3, x¢ and x9 have very small variances, we can
randomly draw 200 patterns for training and 50 patterns
for testing and then construct a RBFNN to approximate
the given function (4.1). The simulation is then conducted
according to the above procedure steps (1)—(10) where the
sensitivities for inputs are calculated by the formulae both
(3.5) and (2.2), respectively. The intermediate results of the
experiment are show in Table 1 where (a) is the experi-
mental results by formula (3.5) and (b) is by formula (2.2).

The parameter C in the experiments is set to be C = 0.5.
The numbers in bold are the largest gaps and the numbers
in italic are the second largest gaps. From (a), we can get
Ginw u/ i, = 0.022521<0.5. Thus the first three features
are selected to be the pruning candidates. After deleting the
three features, the network keeps the testing accuracy
MSE = 6.3061 the same as before deletion. From (b), we
can get ¢g; /g, ~=0.8999>0.5. Thus no feature can be

Table 1

Feature sensitivities by two sensitivity measures

Feature Sensitivity Gap

(a) Sensitivity by (3.5)
6 0.008718 1.0008
9 0.008725 1.0008
3 0.008732 143.32
2 1.2514 1.0757
5 1.3461 1.0396
4 1.3995 1.2312
10 1.723 1.0934
7 1.8839 1.1712
1 2.2063 3.2277
8 7.1213 0

(b) Sensitivity by (2.2)
3 0.10606 1.5777
6 0.16733 1.1615
9 0.19434 2.1335
2 0.41463 1.0699
4 0.44361 1.0878
5 0.48257 1.3988
10 0.67501 1.0226
7 0.69025 1.256
1 0.86692 1.9199
8 1.6644 0
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pruned. Correspondingly, we get the comparison results of
feature selection shown in bold in the first row of Table 2.
In this sense, the measure of sensitivity by using formula
(3.5) is more meaningful than by using (2.2).

One may argue that the method given by sensitivity (2.2)
also can delete the three redundant features if we choose
the parameter C = 0.02. It is right. But such a selection of
the parameter C is too ad hoc. It seems to be unrealistic.
One can mention that the order of features’ sensitivity in
(a) is almost same as in (b), but the largest gap in (a) is
more significant than in (b). This may result from the fact
that all simulation data are drawn according to normal
distributions.

Similarly, we assume different groups of features being
the redundant features existing in the dataset. The final
comparing results are shown in Table 2. Due to the
randomly drawn data and the trained RBFNN, we get
different results for selecting the same group of redundant
features. However, it can be still seen that the new
proposed measure of sensitivity performs better than the
measure proposed by Zurada et al in [6].

4.4. Experimental results on realistic applications

In this section, we applied the sensitivity measure to 4
realistic or benchmark datasets to check the effectiveness of
the sensitivity formula Eq. (3.5) for deleting redundant
attributes in RBFNNSs. Intelligent Image-Text Processing
dataset is obtained from the Intelligent Image-Text
Processing Lab of Hebei University [17]. It is to recognize
the font of a given text image. By Gobar filtering, a text
image can yield a 24-dimensional real vector. Totally, there
are 4 font classes. A RBFNN is trained on the dataset to
help recognize the font of a given vector. Another 3
datasets (MPG, Pima, and Breast Cancer) are selected
from the frequently-used UCI machine learning repository.

The experiments are conducted according to the follow-
ing steps. (n is the number of the attributes and s is the
number of the classes.)

Step 1: Split the dataset into 2 parts randomly, 70% for
training and 30% for testing.

Table 2
Features selected using the sensitivity analysis based on different measures
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Step 2: Train an RBFNN with # inputs and s outputs by
BP algorithm.

Step 3: Test the trained RBFNN.

Step 4. Compute the sensitivity for each of the n
attributes.

Step 5: Delete the redundant attributes determined by
the rule given in Section 4.2.

Step 6: Re-train an RBFNN with the remaining inputs
and s outputs by BP algorithm.

Step 7: Re-test the new RBFNN.

Step 8: Repeat the above steps 10 times and take the
average of training and testing accuracy.

The deleted redundant attributes change with different
splits of the datasets. For example, we consider the first
dataset, Intelligent Image-Text Processing dataset. During
the 10 experiments, attributes 2, 6, and 21 are deleted 8
times, and attributes 3 and 20 are deleted 6 times. It is
worth noting that, for each experiment, there is a little
difference among the selected redundant features, and
therefore, we take the averaged training/testing accuracy in
Step 8 above.

The averaged training and testing accuracy before and
after deleting the selected redundant attributes is summar-
ized in Table 3. The experimental results indicate that the
testing accuracy has not decreased after deleting attributes
with small sensitivities. They illustrate the effectiveness of
the new sensitivity measure to feature selection.

5. Conclusion

Sensitivity analysis of the input is an efficient way to
simplify the structure of neural networks, especially the
structure of RBFNNSs. The sensitivity-based feature selec-
tion (redundant feature deletion) can improve the struc-
ture, performance, calculating time, etc. of the network.

Zurada et al. in [6] proposed a practical and popular
measure of sensitivity that is defined as a matrix of the
partial derivatives of the network output to its inputs. The
sensitivity of each input is evaluated based on the entire
training and testing data set. The largest gap is used in the
pruning criteria.

Redundant features existing By measure (2.2)

By new measure (3.5)

Number of deleted features

Deleted features

Number of deleted features Deleted features

3,6,9 3 6,3,9 3 6,9,3
3,6,9 0 None 3 69,3
2,9 2 2,9 2 2,9
3,5,7,9 0 None 1 7
1,3,5,7 4 1,7,5,3 4 1,7,5,3
2,35 0 None 3 53,2
2,35 3 32,5 3 32,5
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Table 3
Averaged training and testing accuracy

Datasets Training accuracy Testing accuracy
Before deleting After deleting Before deleting After deleting
Image-text processing 0.96 0.95 0.95 0.97
MPG 0.8167 0.7916 0.7071 0.7518
Pima 0.7412 0.7420 0.7128 0.7516
Breast cancer 0.9764 0.9875 0.9211 0.9385

In this paper, we started with proposing the definition of
derivative of one function with a random variable based on
the concept of convergence in probability. The derivative in
the probability measure space has been proved to have the
same form as the real space. That is, the derivative in the
probability space is obtained by replacing the real variables
with the random variables inside the real derivative
formula. The definition of derivative is extended easily to
the partial derivatives in the probability measure space.
Taking inputs of the network as random variables, this
paper extends the sensitivity measure in [6] from the real
space to the probability measure space. The sensitivity
formulae are deduced for RBFNNSs as (3.5) which depends
only on the numerical characteristics of the input random
variables with normal distribution. Simulations are con-
ducted to illustrate the effectiveness and universality of the
sensitivity analysis for RBFNNSs in the probability measure

Appendix A. Proof of Theorem 4.1

From (4.1), we can obtain

2
) - T (E—u) (& — uy
(F) = (; Wjexp< k l_kzng Y >< =7 '))

space. The pruning criteria are similar to that in [6] for the
purpose of comparison.

It is noted that the sensitivity formula (3.5) is deduced
based on the normally distributed variables. If the
distribution changes, we may deduce the different forms
of sensitivity formulae.
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which shows that formula (3.5) given in Theorem 4.1 is correct, and therefore, completes the proof.

Appendix B. The calculating formulae of uniformly distributed random variables
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Given independently and uniformly distributed random variables &;, &5, ..., &,, the density function is respectively given by

1<k<n.
0, else

1
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The sensitivity defined by (3.1) is as the following:
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