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Abstract

A new algorithm for neural network pruning is presented. Using this algorithm, networks
with small number of connections and high accuracy rates for breast cancer diagnosis are
obtained. We will then describe how rules can be extracted from a pruned network by
considering only a finite number of hidden unit activation values. The accuracy of the
extracted rules is as high as the accuracy of the pruned network. For the breast cancer
diagnosis problem, the concise rules extracted from the network achieve an accuracy rate

of more than 95 % on the training data set and on the test data set.
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1 Introduction

Neural networks techniques have recently been applied to many medical diagnostic prob-
lems [1, 2, 4, 5, 11, 22]. Although the predictive accuracy of neural networks is often
higher than that of other methods or human experts, it is generally difficult to under-
stand how the network arrives at a particular conclusion due to the complexity of the
network architecture. However, it is often desirable to have a set of comprehensible rules
that describe under what conditions a pattern will be classified as a member of a certain
class.

The complexity of a network can be reduced by removing its connections that are
redundant through pruning. Many algorithms for neural network pruning have been
proposed in the past few years. It has often been mentioned in the literature [6, 7, 8,
10, 17] that neural network pruning is beneficial in two ways. The first advantage is
that a pruned network can achieve a higher accuracy rate on new patterns not used
for training. The second advantage, which will be the focus of this paper, is that rules
may be extracted from a network with a small number of connections. In this paper we
describe an algorithm for pruning a standard three-layer feedforward neural network. We
use a breast cancer diagnosis problem to demonstrate the effectiveness of this pruning
algorithm. The pruned networks have a small number of connections and yet their
accuracy rates are high for patterns in the training set and in the testing set. The small
number of connections left in the pruned network allows us to extract meaningful rules
that describe the classification process.

When the hyperbolic tangent function 1(€£) = (€ — e7¢)/(e + e7¢) is used as the
hidden unit activation function, the hidden unit activation of a neural network can take
any value in the interval [—1, 1]. We will describe in this paper, how the activation values
of a hidden unit can be clustered such that only a finite and usually small number of
discrete values need to be considered while at the same time maintaining the network
accuracy. A small number of different discrete activation values and a small number of

connections from the input units to the hidden units will yield a set of compact rules for



the problem.

This paper is organized as follows. In Section 2 we describe our neural network
pruning algorithm. Our experimental results obtained from applying this algorithm on
the Wisconsin Breast Cancer Diagnosis problem are presented in Section 3. In Section
4 we describe our algorithm for extracting rules from a pruned network. Rules that are
extracted for the breast cancer diagnosis problem are presented here. Finally in Section

5 we conclude the paper.

2 Pruning a feedforward neural network

The neural network that we use for our experiments is the standard three layer feedfor-
ward network [14]. Connections in the network are allowed only between input units and
hidden units and between hidden units and output units. We denote the weights of the
connections between input units and hidden units by ‘wfé,f =12,...,n,7=1,2,...,h
and the weights of the connections between the hidden units and the output units by
vg,p =1,2,...,0,7 = 1,2,...,h, where h is the number of hidden units, n is the di-
mensionality of the input patterns and o is the number of output units. The number of
output units is equal to the number of classes present in the data set. Let us denote the
classes in the data as Cy,Ca, . ..Co, then each pattern z* in class C. will be given a target
value which is an o-dimensional vector #* such that #!, = 0,V¥m # c and #. = 1.
Given a set of input patterns z* € R",i = 1,2,...k, we compute the best set of
weights (w, v) by minimizing the cross entropy function:
ko
Fw,v)==3"3" (flog $i+ (1 - t}) log(1 - 57)) . (1)
i=1p=1

S; is the output of the network

h
S; =0 Z:é ((:CZ)Tw]) vz ) (2)

where (2')Tw? denotes the scalar product of the vectors z* and w?, §(.) is the hyperbolic

tangent function, and o(.) is the sigmoid function. It has been suggested that faster



convergence can be achieved by minimizing this entropy function instead of the usual
squared error function [13].

Since our goal is to find and eliminate as many unneeded network connections as
possible, it is important that they are identified during the training process. A penalty
term is normally added to the error function so that at the end of the training process,
unnecessary connections will have very small weights. Connections with small weights
may be eliminated from the networks without too much effect on the accuracy of the
network. Recently, we have proposed a new penalty function for neural network pruning

[15]. The penalty term is defined as

h n
B(w
P(w,v) =¢ (3)
' ]2:314:11‘1‘5 ]Ip 11‘|‘5Up
n N h
o [ (wi) +323 (v)
j=1/4=1 j=1p=1

The values for the weight decay parameters €1, ¢5 > 0 must be chosen to reflect the
relative importance of the accuracy of the network versus its complexity. More weights
may be removed from the network at the cost of a decrease in its accuracy with larger
values of these two parameters. They also determine the range of values where the
penalty for each weight in the network is approximately equal to €;. The parameter
[ > 0 determines the steepness of the error function near the origin.

The derivatives of S; with respect to the weights of the networks are as follows

dS? : : . .

P _ % ot ) _ T 2
b " Syx (1= 8) x v x ap x (1= 8((2")Tw!)?)
8_5; _ SEx (1=85) x 6((z)Tw?) fp=gq
dvg 0 otherwise,

foralli=1,2,...,k,f=1,2,...,n,7=1,2...,h,and p,g=1,2,...0. For the moment,
let us consider S;; as a function of a single variable corresponding to the connection
between the fth input unit and the jth hidden unit. By the mean value theorem, we

have that
) ) 852 J A _ J
ow,

: X (w—w)), (4)
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where 0 < A < 1. Assuming that z% € [0, 1], it follows that

08! (w :

pi(,) < |vjl/4, Yw € R. (5)
ow,

Combining Equations (4) and (5) and letting w be equal to zero, we obtain

S5(0) = Sp(w)| < lvjwl /4. (6)

The above inequality gives an upper bound on the change in the output of the network
when the weight w? is eliminated.
Similarly, by considering S;; as a function of a single variable v that corresponds to

the connection between the jth hidden unit and the pth output unit, we have the bound

dSL(v)
vl

< 1/4, Vv € IR. (7)

Hence, the change in the output of the network after the weight vg has been eliminated

is bounded by

$3(0) = Sy (vp)] < Ivl/4. (8)
A pattern is correctly classified if the following condition is satisfied
mgx|e;| :mgX|S;—t;| <m, (9)

where 77 € [0,0.5). Suppose now that with the original fully connected network, we have
classified correctly pattern z°. Equation (6) shows that we can set ‘wfé to zero without
deteriorating the overall accuracy rate of the network if the product |vng| is sufficiently

small. If max, |vgw§| < 419 and the sum 7y + 75 is less than 0.5, then

Sp0) = 5| < [Sh(0) = S (wh)| + |Sh(wd) ~
< m+n
< 0.5.

Hence, the network can still classify z* correctly. Similarly, if |vg| < 4mg, then vg can be

removed from the network.

We summarize our pruning algorithm below.



Neural network pruning algorithm
1. Let i, and 7 be positive scalars such that n; 4+ 12 < 0.5.

2. Pick a fully connected network. Train this network until a predetermined accuracy
rate is achieved and for each correctly classified pattern condition (9) is satisfied.

Let (w,v) be the weights of this network.

3. For each w?, if

maX|vg X w£| < 4ng, (10)
P
then remove wz from the network

4. For each Ug, if

|vi] < 4np, (11)
then remove vg from the network

5. If no weight satisfies condition (10) or condition (11), then remove wz with the

.
smallest product max;, [v} x wy|.

6. Retrain the network. If classification rate of the network falls below an acceptable

level, then stop. Otherwise, go to Step 3.

Note that in Step 3 and 4 of the algorithm, we remove all the weights that satisfy
condition (10) or condition (11). This is intended to reduce the amount of retraining time.
Although it can no longer be guaranteed that the retrained pruned network will give the
same accuracy rate as the original network, our experiments show that many weights
can be eliminated simultaneously without deteriorating the performance of the network.
This is especially true when the starting fully connected network has an excessive number

of redundant hidden units.



The two conditions (10) and (11) for pruning depend on the magnitude of the weights
for connections between input units and hidden units and between hidden units and
output units, it is imperative that during training these weights be prevented from getting
too large. At the same time, small weights should be encouraged to decay rapidly to zero.
We will also see in Section 4 how the magnitudes of the connections between hidden units
and output units play an important role in determining the complexity of the rules that
can be extracted from a pruned network. These are the reasons why we have chosen to
use penalty function (3). To conclude, the function to be minimized during the training

process is

0

k
Bw,v)= =33 (t1og S5+ (1= 13) log(1 = 52)) + P(w,v). (12)

3 The Wisconsin Breast Cancer Diagnosis problem

The database for the Wisconsin Breast Cancer Diagnosis is available publicly via anony-
mous ftp from the University of California Irvine repository [12]. This data set has been
used as the test data for several studies on pattern classification methods using linear
programming techniques [3, 9, 20] and statistical techniques [21].

Each pattern in the data set has nine attributes. The nine measurements taken from
fine needle aspirates from human breast tissues correspond to cytological characteristics
of benign or of malignant sample. These are A;. clump thickness, Ay. uniformity of
cell size, As. uniformity of cell shape, A4. marginal adhesion, As. single epithelial cell
size, Ag. bare nuclei, A7. bland chromatin, Ag. normal nucleoli, and Ag. mitosis. Each
of these nine attributes of the fine needle aspirates was graded 1 to 10 at the time of
sample collection, with 1 being the closest to benign and 10 the most anaplastic (more
detailed description of these attributes can be found in [20]). Since the attributes are
integer-valued ranging from 1 to 10, we created 10 input units for each attribute. With
an additional input for the bias weight at the hidden units, we have a total of 91 input

units. Let us denote these inputs as 7y1,75,...,Zg;. For 2 = 0,1,...,8 the following



coding schemes for the input data is used

IlOXH—j = 1 <= Ai+1211_j7j:1727"'710
IlOXH—j = 0 <= Ai—}—l < 10_j7 j:1727"'797
To1 = 1.

Note that with this coding, Zigx; = 1 for all 7 = 1,2,...,9 for all patterns with valid
attribute values in {1,2,...,10}.

There are a total of 699 samples in the database, of which 458 are benign samples and
241 are malignant samples. We randomly selected 229 benign samples and 121 malignant
samples to form the training set and used the remaining patterns as the testing data.
The number of output units is two, since the problem here is to distinguish between
benign and malignant samples. The target value for all benign samples is ¢ = {0, 1},
and for the malignant samples the target value is #* = {1, 0}.

Two set of experiments were conducted. In the first set, fifty networks with 3 hidden
units were trained. The initial weights of these networks were generated randomly in
the interval [—1,1]. The networks were then pruned. The penalty function (12) was
minimized using a variant of the quasi-Newton for unconstrained minimization to speed
up convergence. This method is the BEFGS (Broyden-Fletcher-Goldfarb-Shanno) algo-
rithm which have been shown to be superior to the backpropagation method for network
training [16, 19]. The parameters of the penalty function P(w,v) were set as follows:
B =100, =1,e3 = 1075,

For each network, we recorded the smallest number of connections that were present
in the network when the accuracy on the training data was at least 98 %. The pruning
process was continued until the network accuracy dropped below 95 %. The weights of
the smallest network with at least 95% accuracy rate on the training data were saved for
rules extraction. The second set of experiments were similar as the first set, except that
we started with 50 networks each having 5 hidden units. The results of the experiments

are summarized in Table 1. We list in this table the average number of connections in



the pruned networks and their average accuracy rates on the training and testing data

sets. Figures in parenthesis indicate their standard deviations.

The effectiveness of the pruning algorithm is demonstrated by the fact that there is no
significant difference in the number of connections left after pruning and in the accuracy
of the pruned networks on the test data set between networks with original number of
hidden units equal to three or five. Note also the significant decrease in the number of
connections. A fully connected network with 3 hidden units has 279 connections, while
a network with 5 hidden units has 465 connections. The small number of connections of
the pruned network enables us to extract rules from the network. We will describe how

this can be done in the next section.

4 Extracting rules from a pruned network

Previously reported algorithm for extracting rules [18] assume that the hidden units in
the networks are either maximally active or inactive. That is, they have values that are
either very close to one, or very close to minus one (or zero if the sigmoid function is
used). In contrast, our algorithm requires no such assumption.

Regardless of the magnitude of the weights of the network, the activation value at
each hidden unit is in the interval (—1,1). While the activation values can be anywhere
in this interval, it is possible to clustered them and use their discretized values without
causing any deterioration in the accuracy of the network.

For ease of notation, given an input pattern z* let us define its activation value at
hidden unit j

ol =4 ((xi)T‘w]‘) ,

forall j =1,2,...h. Let @ be its discretized value such that

@ =al + A,

10



Theorem 1 below shows that if A7 is sufficiently small, then the network accuracy will

be preserved.

Theorem 1 Let o’ be the activation value of input pattern z* at hidden unit j. Suppose
that z* has been correctly classified by the network such that condition (9) is satisfied.
If the activation values o/, j = 1,2,...h are replaced by their corresponding discretized
values @ such that
@ =al + A,

where for some 1y > 0 and A’ satisfies the condition

|AT] < 4/ (h mgleél), (13)
then the error of the new predicted output 3; of the network for z* is bounded by

max [, = max|[S, — £,| < m + 72

Proof:
We have
mﬁx|€;| = mﬁX|Sp—t;|
< max{|§;—5;|—|—|5;—t;|}
h . .
< max o EQJ—I—A] -0 Za]v] —|—max|5;—t;|
P
7=1
h h o
< 771+1nax Zoﬂvﬁ -0 Zoz]v] ></\2:A]vg9 , A€ (0,1)
7=1

< m+- Z |AY] maX|v]|
] 1
< m+ne.
The third inequality above follows from the mean value theorem, while the last inequality
follows from the definition of A7. Q.E.D.
Hence, as long as n; + 1y < 0.5, pattern z* will still be correctly classified by the

network with discretized activation values. If we define

™ = dnp/(h max|v]),

11



divide the interval [—1,1] into N equal subintervals with length 77, and place the dis-

cretized values E{,Eé, .. '75]|;N/2] such that

@ =—-14+02m-1)7r m=1,2,...[N/2],

m

then condition (13) of the theorem will be satisfied.

The complexity of the rules extracted from the pruned network is proportional to the
number of discrete activation values at the hidden units. The result of Theorem 1 shows
that the number of discrete activation values is in turn proportional to the number of
hidden units left in the pruned network and the magnitude of the connections between
the hidden units and the output units. It is therefore important that the network is
trained such that the use of large weights in the network is discouraged and that the
network is pruned such that as many redundant hidden units as possible are removed.

The number of discrete activation values [[N/2] can be large. In may also be unwise to
place the discrete values equally spaced in [—1, 1], since it does not take into consideration
the distribution of the input patterns. In practice, we find that only a small number of
discrete activation values are needed. We have developed a heuristic clustering algorithm
for discretizing the activation values of a hidden unit. The algorithm place candidates
for discrete values such that the distance between them is at least ¢. A very small ¢ will
always guarantee that the network with discrete activation values will have the same
accuracy as the original network with continuous activation values. The algorithm can
then be run again with a larger value of € to reduce the number of clusters. The complete

algorithm is described below.
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Hidden unit activation values clustering algorithm

1. Let ¢ € (0,1). Let D be the number of discrete activation values in the hidden
unit. Let ay be the activation value in the hidden unit for the first pattern in the

training set. Let H(1) = a3, count(1) = 1, sum(1) = a; and set D = 1.
2. For all patterns ¢ = 2,3, ...k in the training set:

o Let o be its activation value.

o If there exists an index 7 such that

—HG)| = i —H(j d
Le! (7)] je{lg{?.’D}la ()| an

lo—H(G)| < ¢

then set count(j) := count(j3) + 1, sum(D) := sum(D) + «

else D= D+ 1,H (D)= a,count(D) = 1,sum(D) = «a.

3. Replace H by the average of all activation values that have been clustered into this

cluster:

H(j) := sum(j)/count(j), j=1,2...,D.

13



Once the discrete values of all hidden units have been obtained, the accuracy of the
network is checked again with the activation values at the hidden units replaced by one
of the discrete values. An activation value « is replaced by H(j), where index j is chosen
such that 7 = argmin;|a — H (7). If the accuracy of the network falls below the required
accuracy, then € must be decreased and the algorithm is run again. For a sufficiently
small ¢, it is always possible to maintain the accuracy of the network with continuous
activation values, although the resulting number of different discrete activations can be
impractically large.

We shall use several pruned networks for the breast cancer diagnosis problem to illus-
trate how this clustering algorithm works and how rules can be extracted from networks
with discrete hidden unit activation values. After pruning 100 fully connected networks
having three and five hidden units, networks with different topology and different set
of connections are obtained. It may seem to be disheartening to find so many different
pruned networks for the same set of training data. We must note however, that since
the number of patterns used for training is a mere fraction of the number of all possible
input patterns, there exist many rules that can describe the training patterns with a high

degree of accuracy. Some of the rules that can be extracted from the pruned networks

are given in the following 3 examples.
Example 1.

The smallest of the pruned network with more than 95 % accuracy rate on the training
data has only 1 hidden unit and 5 connections. The network is depicted in Figure 1.
The accuracy of this network on the training data and testing data are 96.86 % and
93.98 %, respectively. In this example, only input Z1¢ and Zs5 are important. Only two
discrete values are needed to maintain the accuracy of the network. The values found
by the clustering algorithm are -0.90 and 1.00. Of the 350 training data, 234 patterns
have the first value and 116 the second value. Since the connection from the hidden unit
to the first output unit is 3.7 and to the second output unit is -3.7, all patterns with

activation value equals to -0.90 will have an output value S* = {0.03,0.97} and those

14



with activation value equals to 1 will have an output value S* = {0.98,0.02}. Hence, 234
patterns will be predicted as benign and the rest malignant.

Given the two discrete activation values at the hidden unit, it is a simple task to
extract the rule that describes how each of these values are obtained since they are
determined by only two attributes. We print inputs 16 and 55 of all training patterns
and their corresponding predicted output. After removing all duplicates, only 4 unique
patterns are left. A very simple rule can be immediately obtained from these 4 patterns:
if Zy6 = 0 and Zs5 = 0, then activation value = -0.90 (ie. sample is benign), otherwise
activation value = 1.0 (ie. sample is malignant). Our coding scheme for the input data

allows us to easily get the rule in term of the original attributes:

Rule 1:
If Ay <4 and Ag < 5, then benign.

Else malignant.

The accuracy of this rule is summarized in Table 2.
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Example 2.

In this example we illustrate how rules can be extracted even when there are more than
1 hidden units left in the pruned network. We will use a pruned network with 3 hidden
units and an average number of connections, ie. 10. This network is depicted in Figure

2.

The results of the hidden unit activation values clustering algorithm on this pruned

network are as follows.

1. Hidden unit 1: there are 2 discrete values: 0 and -1. Of the 350 training data, 244

patterns have the first value and 106 patterns have the second value.

2. Hidden unit 2: there are 2 discrete values: -1 and 0.45. The distribution of the

training data is 268 and 82, respectively.

3. Hidden unit 3: there are 2 discrete values: 0 and 1. Of the 350 training data, 320

patterns have the first value and 30 patterns have the second value.

Since there are 2 discrete activation values at each of the three hidden units, we
have a total of 8 possible outcomes at the output units. The 8 possible outputs are

summarized in the Table 3.

From the entries in this table, it is clear that in order to obtain rules that classify
a pattern to be a benign sample, we only need to check under what conditions will the
first hidden unit have activation value equals to 0, the second equals to -1 and the third
equals to 0. The first hidden unit is connected only to one input, namely input Zg7.
Only when Zg7 = 0, the activation value will be 0. Similarly for the third hidden unit,
the activation value will also be zero if Z7; = 0. There are two inputs connected to the
second hidden unit, the two inputs are Z, and Zy3. However, as we have noted in the

previous section, input Zyg will always have value equals to 1. This correspond to the
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fact that attribute Ag has value that is greater than or equal to 1 for all input patterns.
Input 74 having a zero value gives the second hidden unit an activation value that is
equal to -1. Therefore, the rule for a pattern to be classified as a benign sample is as
follows: if 7, = 0 and Zg7 = 0 and Z7; = 0. In term of the original attributes, we have

this rule:

Rule 2:
If A4 <6 and A7 <3 and Ag <9, then benign.

Else malignant.

The accuracy of this rule is summarized in Table 4.

Example 3.

In this example, we will extract rules from the pruned network that has the highest
accuracy on the testing set among the 100 pruned networks. This network is depicted in
Figure 3. Its accuracy rates on the training data and the testing data are 97.71 % and

96.56 %, respectively.

Applying the hidden unit activation values clustering algorithm with ¢ = 0.4 allows
us to maintain these rates. Four discrete activation values are obtained: -1, 1, -0.33, and
0.24. There is only one hidden unit left. The weights of the connections between the
hidden unit and the first and the second output unit are 5.75 and -5.75, respectively. It
follows that the output of all patterns with activation value equals to -1 is S* = {0,1}
and the output of all patterns with activation value equals to -0.33 is S = {0.13,0.87}.
Hence, all these patterns will be predicted as benign samples. In order to determine which
patterns have either one of these two activation values, we print inputs Z4, Z13, Zog, Iss
and Z7y of all training patterns. After removing all duplicates, only two patterns with

activation value equals to -1 are found. These are {0,0,0,0,0} and {0,0,1,0,0}. There
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are also only two patterns with activation values equal to -0.33, they are {0,0,0,1,0}
and {1,0,0,0,0}. Hence, the following rules can be deduced: if 7y = Z13 = Zsg = Z72 = 0
orif 7y, = 713 = Zog = 79 = 0 or if T13 = Tog = Isg = Z79 = 0 then predict the input as
benign sample, otherwise predict the input as malignant sample. In term of the original

attributes, we have the following rules:

Rule 3:
If Ay <6 and Ay <7 and A3 < 2 and Ag < 8, then benign.
Else if Ay <6 and Ay <7 and Ag < 2 and Ag < 8, then benign.
Else if Ay <7 and A3 <2 and Ag < 2 and Ag < 8, then benign.
Else malignant.

The accuracy rates on the training data and testing data are summarized in Table 5.

5 Conclusion

We have described how rules can be extracted from pruned neural networks for breast
cancer diagnosis. Two factors enable us to extract simple rules than classify a sample
as either benign or malignant with a high degree of accuracy. The first factor is a very
effective neural network pruning algorithm. Using our new penalty function, we have
been able to prune networks such that only very few input units, hidden units and
connections left in the networks. The second factor is an algorithm that clusters hidden
unit activation values of a pruned network. This algorithm allows us to consider only a
small number of different hidden unit activation values and still maintain the accuracy
of the original network. For the Wisconsin Breast Cancer Diagnosis problem, we have
been able to extract simple rules that achieve more than 95 % accuracy rates on both

the training data and the testing data.
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Table

1.

95 % 98 %

h = 3 | No. connections 10.22 (4.36) 16.54 (4.74)
Accuracy on train data | 96.88 (0.94) % | 98.43 (0.30) %
Accuracy on test data | 92.76 (1.85) % | 93.69 (1.46) %

h = 5 | No. connections 10.70 (4.53) 17.42 (4.18)

Accuracy on train data

Accuracy on test data

96.72 (1.11) %

92.70 (1.57) %

98.53 (0.29)%

93.87 (1.16) %
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Table 2.

Training set

Testing set

Malignant | 113/121 105/120
93.39 % 87.50 %

Benign 226,229 223/229
98.69 % 97.38 %

Overall 339/350 328/349
96.86 % 93.98 %
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Table 3.

Hidden unit activations | Predicted output | Classification

1 2 3 1 2

0 -1 0 0.02 0.98 Benign

0 -1 1 0.78 0.22 Malignant
0 0.45 0 0.84 0.16 Malignant
0 0.45 1 1.00 0.00 Malignant
-1 -1 0 0.74 0.26 Malignant
-1 -1 1 1.00 0.00 Malignant
-1 0.45 0 1.00 0.00 Malignant
-1 0.45 1 1.00 0.00 Malignant
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Table 4.

Training set

Testing set

Malignant | 118/121 109/120
97.52 % 90.83 %

Benign 219/229 216,229
95.63 % 94.32 %

Overall 337/350 325/349
96.29 % 93.12 %
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Table 5.

Training set

Testing set

Malignant | 119/121 | 116/120
98.35 % 96.67 %

Benign 223/229 | 221/229
97.38 % 96.51 %

Overall 342/350 337/349
97.711 % 96.56 %
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Figure 1.
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Figure 3.
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List of table captions.

1. Table 1. Average number of connections and accuracy of 100 pruned networks on

the training and testing data sets and their standard deviations.

2. Table 2. Accuracy of Rule 1 on the training and testing data.

3. Table 3. Predicted output of the pruned network in Figure 2.

4. Table 4. Accuracy of Rule 2 on the training and testing data.

5. Table 5. Accuracy of Rule 3 on the training and testing data.

List of figure captions.

1. Figure 1. Pruned network with only 5 connections, accuracy on training set =

96.86 %, accuracy on the testing set = 93.98 %.

2. Figure 2. Pruned network with 10 connections, accuracy on training set = 96.29
%, accuracy on the testing set = 93.12 %. Weights of the connections are not

shown to reduce cluttering.

3. Figure 3. Pruned network with an accuracy rate on training set = 97.71 % and an

accuracy rate on the testing set = 96.56 %.
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