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Abstract

Before symbolic rules are extracted from a trained neural network, the network
is usually pruned so as to obtain more concise rules. Typical pruning algorithms
require retraining the network which incurs additional cost. This paper presents
FERNN, a fast method for extracting rules from trained neural networks without
network retraining. Given a fully connected trained network, FERNN first identifies
relevant hidden units using C4.5, an algorithm which generates decision trees by
selecting the relevant attributes of a data set using information gains. For each
relevant hidden unit, FERNN finds the set of relevant network connections from the
input units to the hidden unit by checking the magnitudes of their weights. The
connections with large weights are identified as relevant. Finally, FERNN replaces
the splitting conditions of the decision tree generated by C4.5 by MofN rules or
DNF rules involving the network inputs. Experimental results show that the size
and the predictive accuracy of the tree generated are comparable to those extracted

by another method which prunes and retrains the network.
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1 Introduction

Neural networks have been successfully applied in a variety of problem domains. In

many applications, it is highly desirable to extract symbolic classification rules from



these networks. Unlike a collection of network weights, symbolic rules can be easily
interpreted and verified by human experts. They can also provide new insights into the
application problems and the corresponding data. It is not surprising that in recent years
there has been a significant amount of work devoted to the development of algorithms
that extract rules from neural networks [1, 4, 7, 8, 18, 19, 21, 23|.

In order to obtain a concise set of symbolic rules, redundant and irrelevant units
and connections of a trained neural network are usually removed by a network pruning
algorithm before rules are extracted [3, 16, 18, 19]. This process can be time consuming
as most algorithms for neural network pruning such as OBS [10], Hagiwara algorithm
[9], N2P2F [17], and the algorithm of Castellano et al. [5] are iterative in nature. They
retrain the network after removing some connections or units. The retrained network
is then checked to see if any of its remaining units or connections meet the criteria for
further removal. More often than not, the amount of computations incurred during
retraining is much higher than that needed to train the original fully connected network.

This paper presents an algorithm for extracting symbolic rules from a neural network
without retraining the network. By eliminating the need to retrain the network, we can
speed up the process of rule extraction considerably and thus make neural networks an
attractive tool for generating symbolic classification rules. The distinguishing features
of our algorithm FERNN (Fast Extraction of Rules from Neural Networks) from other

neural network rule extraction algorithms are:

1. Identification of useful hidden units based on the information contained in these

units. For this purpose, C4.5 [14] is employed.

2. Identification of relevant connections from the input units to the useful hidden

units based on the magnitudes of their weights.

FERNN consists of two main components. The first is a network training algorithm
the minimizes a cross-entropy error function augmented by a penalty function. The
minimization of the augmented error function ensures that connections from irrelevant
inputs have very small weights. Such connections can be removed without affecting the
network’s classification accuracy. The second component of FERNN is C4.5, a decision
tree generating algorithm which we will describe briefly in this paper. FERNN employs

C4.5 to generate a decision tree using the trained network hidden unit activation values



as input.

After a decision tree is generated, we distinguish the relevant network inputs from
those irrelevant ones. We have developed a simple criterion for removing the network
connections from the input units to the hidden units. A group of connections from the
input units to a hidden unit can be removed at once if they satisfy this criterion. We
expect simpler set of rules to be generated if more connections are removed.

The decision tree generated by C4.5 involves the network hidden unit activation
values in each of its node splits. The final step of FERNN is to rewrite all node splitting
conditions in terms of the relevant attributes of the data. A node splitting condition can
be rewritten as either DNF rules or MofN rules. DNF rules are expressed as a disjunction

of conjunctions while MofN rules are expressed in the following form:

if {at least, exactly, at most} M of the N conditions (C1,C2,....,CN) are

satisfied, then .....

The well-known Monk problems [22] will be used to illustrate in detail how rules
are generated by FERNN. They consists of three artificial classification problems that
distinguish between monks and non-monks. Two of them are described by MofN rules
while the third by a DNF rule.

This paper is organized as follows. In Section 2 we describe the two main components
of FERNN. In Section 3 we present the criterion for removing the network connections
from the input units to the hidden units. In Section 4 we describe how rules are generated.
The criteria for generating MofN rules are also given here and we show how such rules are
generated for the Monk2 problem. More illustration of how FERNN works is presented
in Section 5 using the Monk1 and Monk3 problems. In Section 6 we present experimental
results that compare the performance of FERNN and another rule extraction algorithm
which retrains the network during network pruning. Since no network pruning and
retraining is required, FERNN executes faster than other algorithms which extract rules
from skeletal pruned networks. Nevertheless, our results show that the rules extracted
by FERNN are similar in complexity and accuracy to those generated using an existing

algorithm. Finally, in Section 7 we discuss related work and conclude the paper.



2 FERNN: Fast Extraction of Rules from Neural Networks

FERNN consists of the following steps:

1. Train a fully connected network such that an augmented cross-entropy error func-
tion is minimized. The usual cross entropy error function is augmented by a penalty
function so that relevant and irrelevant network connections can be distinguished

by their weights when training terminates.

2. Use C4.5 to identify the relevant hidden units of the network by generating a

decision tree using the network activation values.

3. For each hidden unit whose activation values are used for node splitting in the
decision tree, remove the irrelevant input connections to this hidden unit. The
connections are irrelevant if their removal does not affect the decision trees classi-

fication performance.

4. For data sets with discrete attributes, replace each node splitting condition by an

equivalent set of symbolic rules. These rules are either DNF rules or MofN rules.

2.1 Neural network training

Given an input pattern p,p = 1,2, ..., P, the network’s output unit value S;;, and hidden

unit activation value Hj, are computed as follows:
J
Sp = o> vijHjp (1)
j=1

K
Hj, = o(wjxp)=o0 (Z wjkxkp> (2)

k=1

where 1, € [0, 1] is the value of input unit k given pattern p, wji is the weight of the
connection from input unit £ to hidden unit j, v;; is the weight of the connection from
hidden unit j to output unit 4, and o(£) is the sigmoid function 1/(1 +e~¢). J and K
are the number of hidden units and input units, respectively. Each pattern z, belongs
to one of the C possible classes C1,Ca,...,Cc. The target value for pattern p at output
unit ¢ is denoted by t;,. For binary classification problem, 1 output unit with binary
encoding is used. For classification problems with C' > 2 classes, C output units are

used in the network. If pattern p belongs to class ¢, then ¢, =1 and ¢;, = 0,Vi # c.



We train the network to minimize the augmented cross-entropy error function

c P

O(w,v) = F(w,v) — Z Z [tiplog Sip + (1 — tip)log(1 — Sip)] . (3)
i=1p=1

P(w,v) is a penalty term
J (E. Bt K 2
P =a 3 (;71+ﬂ2§j Do ) +e2z (va—l-Zw ) n
where €1, €2, and § are positive parameters. The cross-entropy error function has been
shown to improve the convergence of network training over the standard least-squares
error function [24], while the penalty function F'(w,v) is added to encourage weight decay
[11]. Each network connection that has nonzero weight incurs a cost. By minimizing the
augmented error function we expect those connections that are not useful for classifying
the patterns to have small weights. Our experience with the augmented error function
(3) shows that it is very effective in producing networks where relevant and irrelevant
network connections can be distinguished by the magnitudes of their weights [17].
Finding a set of network weights that minimizes the error function (3) can be cast
as an unconstrained nonlinear optimization problem. For this purpose, we have imple-
mented a version of the quasi-Newton algorithm, the BFGS method [2, 6]. Compared
to the standard backpropagation method, the BFGS method has been shown to con-
verge much faster [20, 26]. At each iteration of the BFGS method, a positive definite
matrix which approximates the error function’s inverse Hessian is computed. A descent
direction is then obtained by multiplying this matrix by the negative of the gradient of
the function. Using a line search algorithm, a suitable step size is computed to ensure
a decrease in the total error when the weights are modified along the computed descent
direction. Hence, using the BFGS algorithm we are guaranteed that the total error will
decrease after each iteration. This is a property of the BFGS algorithm that the standard

backpropagation algorithm does not possess.



Table 1: The attributes of the Monk2 problem.

attribute meaning possible values input units
Aq head_shape | round, square, octagon T3, T2, T1
A, body_shape | round, square, octagon g, L5, T4
As is_smiling | yes, no 8, T
Ay holding sword, balloon, flag T11, £10, L9
As jacket_color | red, yellow, green, blue | x15, 14, 213, Z12
Ag has_tie yes, no T17,%16

2.2 An illustrative example

A network with 10 hidden units is trained to solve the Monk2 problem [22], which is
an artificial problem of identifying the monks. The training data set consists of 169
patterns, each described by 6 discrete attributes as shown in Table 1.

The attribute values are coded in binary 0 or 1 format. Hence, the network requires
17 input units plus an additional input with a constant value of 1 for the hidden unit
bias. An input pattern is classified as a monk if exactly two of its six attributes have
their first values, i.e., if exactly two of {3, z¢, xs, z11, 15, T17} equal 1. We trained a
network to correctly classify all samples in the training data set and illustrate how the

classification rule can be recovered from this network.

2.3 Identifying the relevant hidden units

Once a neural network has been trained, its relevant hidden units are identified using
information gain method. For this purpose, the C4.5 algorithm is employed. Given a

data set D, C4.5 generates a decision tree recursively as follows:

1. if D contains one or more examples, all belonging to a single class C,, stop.

2. if D contains no example, the most frequent class at the parent of this node is

chosen as the class, stop. Or

3. if D contains examples belonging to a mixture of classes, information gain is then
used as a heuristic to split D into partitions (branches) based on the values of a

single feature.

Using FERNN, the data set D given to C4.5 contains the hidden unit activations of

training patterns that have been correctly classified by the neural network along with



the patterns’ class labels. Note that these values are continuous in the interval [0, 1]
since each activation value has been computed as the sigmoid of the weighted inputs (2).
Since the hidden activation of only correctly classified patterns are used to generate the
decision tree, the number of patterns in D is usually less than P, the total number of
patterns in the training data set. In the discussion that follows, we assume that P is
the number of correctly classified patterns. For hidden unit j, its activation values Hj,
in response to patterns p,p = 1,2, ..., P, are first sorted in increasing order. The values
are then split into two groups Dy = {Hj1,...,Hjq} and Dy = {Hjg41,...,H;p} where
Hjq < Hj 441, and the information gained by this split is computed. This information
gain is computed for all possible splitting of the activation values (i.e., for g ranging from
1 to P), and the maximum gain is taken as the information gain of hidden unit j.
Suppose that each pattern in the data set D belongs to one of the C' classes, and n,

is the number of patterns in class C., the expected information for classification is

c
n n
I(D):—Z—C logz—c
C:lN N

where the number of patterns in the set D is N = 3¢ | n.. For the two subsets of D,

the expected information is similarly computed:

C
Tl Tcl
I(D1) = =3 2 jog, 2t
(D1) 2N, B
¢ Ne2 Ne2
I(Dy) = =) == logy—
(D) 2N, 82 N,

where n.; is the number of samples in D;,j = 1,2 that belong to class C. and N; =

Ziczl n¢j. The information gained by splitting the data set D into D; and Dy is
Gain(Hjq) = I(D) — [I(D1) + I(D2)]

and the normalized gain is

2
NGain(Hj,) = Gain(Hjq)/[— 3 (Nj/N) logy(N;/N)]
j=1

The root node of the decision tree contains a test condition which involves the hidden
unit whose activation values give the highest normalized gain. The complete decision
tree is generated by applying the same procedure to the subsets of the data at the

two branches of a decision node. Once the decision tree has been constructed, the



identification of the relevant hidden units is trivial. The hidden units whose activations
are used in one or more nodes of the decision tree are the relevant units.
For the network that has been trained to solve the Monk2 problem, applying C4.5

on the hidden unit activation values gives the following decision tree:

H_1>0.07 : O

H_1 <= 0.07 :

|  H_1 <= 0.005: 0
| H_1 > 0.005 : 1

This tree indicates that the monks (target value 1) and non-monks (target value 0) in
the data set can be distinguished by the activation values of hidden unit 1 alone (the
pattern subscript p has been dropped in C4.5’s notation of H;). The unit’s activation
values are split into two groups at the threshold value of 0.07. Sixty four patterns produce
activation values greater than 0.07. The values that are smaller than or equal to 0.07
are further split into two subgroups at the threshold value of 0.005. Forty one patterns
produce activation values less than or equal to 0.005 and the remaining 64 greater than

0.005.

3 Identifying the relevant input connections

Because the network has been trained by minimizing an error function that has been
augmented by a penalty term, network connections form irrelevant inputs can be ex-
pected to have small weights. For each hidden unit j, one or more of its connection
weights w;; from the input units may be sufficiently small that they can be removed
without affecting the overall classification accuracy. The criterion for removing these

irrelevant connections is given below.

Proposition 1 Let the splitting condition for a node in the decision tree be Hj, < Hj;
for some t. Define L= Hj;, U= Hj;+1 (the smallest activation value that is larger than
L), Dy, = {xp|Hjp = 0(wjxp) < L}, and Dy = {xp|Hjp = o(W;xp) > U}. Let S be the
set of input units whose connections to hidden unit j satisfy the following condition:

> lwjg| <2(U-1L) (5)

kesS



and S’ be the complement of S. Then, by changing the splitting condition to
Hjp < (L+0)/2, (6)

the connections from the units in S to hidden unit j can be removed without changing

the membership of D1, and Dy .

Proof.

For notational convenience, let us denote

U= wipkp =) wikkp

keSS’ kesS
Consider the following 2 cases:
Case 1: x, € Dy, i.e., for this sample H;, = o(w;x,) = o(¥ + ) < L.
By Taylor’s theorem,
o(¥) = o (¥ +¢) — 9o’ ()

where £ is a point lying between ¥ and W + 1. The derivative of the sigmoid function is

always positive and less than or equal to 1/4. Consider these two cases:

1. ¢ <0: o(U) <L+ 39 <L+ 3> |wix| < (L+U)/2
kesS
2.¢9p>0: o(¥)<o(T+9)<L<(L+U)/2

Case 2: x, € Dy, i.e. for this sample Hjp, = o(w;xp) = o(¥ +¢) > U.

Consider the following cases:

1. ¢ <0: o(¥)>o(Y+¢)>U>(L+U)/2
2. 9 > 0: o(U)>U -39 >U— 1) |wjx| > (L+U)/2
keS

Therefore, it can be concluded that after changing the node splitting condition to (6),
the input-to-hidden unit connections whose weights satisfy (5) can be removed without

affecting the membership of the sets Dy, and Dy. QED



Proposition 2 Let the splitting condition for a node in the decision tree be Hj, > Hj;

for somet. Define L= Hj;, U= Hj;1 (the smallest activation value that is larger than

L), Dy, = {xp|Hjp, = 0(W;xp) < L}, and Dy = {xp|Hjp = 0(w;x,) > U}. Let S be the

set of input units whose connections to hidden unit j satisfy the following condition:
> lwik| <2(U - L) (7)
kesS

and S’ be the complement of S. Then, by changing the splitting condition to
Hjp > (L+U)/2, (8)

the connections from the units in S to hidden unit j can be removed without changing

the membership of Dy, and Dy.

Proof.

The proof is similar to that of Proposition 1 and is omitted.

In the decision tree we obtained for the Monk2 problem, there are 2 tests involving
Hy. The values of L are 0.07 and 0.005 and the corresponding values of U are 0.79 and

0.04, respectively.

e Test 1. The new threshold value is (0.07 + 0.79)/2 = 0.43. The weights of the
connections from the input units to the hidden unit are sorted in increasing order
of their absolute values. The first 11 weights sum up to 0.036 which is smaller than
the threshold for weight removal (7) of 2(0.79 — 0.07) = 1.44. Therefore, these

weights can be removed.

e Test 2. The new threshold value is (0.005+ 0.04)/2 = 0.023. The same 11 weights
as in Test 1 total less than 2(0.04 — 0.005) = 0.07 and are removed as they satisfy
condition (5).

After removing redundant connections, the node splitting condition in the decision

tree can be written as follows (the pattern subscript p is not shown):

If 0(4.673 + 4.206 — 4.507 + 4.4711 + 4.6z15 — 4.6716 — 2.6) > 0.43,
then Class 0 (not monk),

else if 0(4.6z3 + 4.2z — 4.5x7 + 4.4z11 + 4.6x15 — 4.6216 — 2.6) <= 0.023,
then Class 0 (not monk),

10



else if 0(4.6z3 + 4.2z — 4.5x7 + 4.4211 + 4.6215 — 4.6216 — 2.6) > 0.023,
then Class 1 (monk).

4 Rule generation

By computing the inverse of the sigmoid function o~!((L + U)/2) for all node splitting
conditions in a decision tree, we obtain conditions that are linear combinations of the
input attributes of the data. For a data set with continuous attributes, such oblique
decision rules are appropriate for classifying the patterns. For a data set with discrete
attributes, however, it may be desirable to go one step further and extract an equivalent
set of symbolic rules. This is done by replacing each node splitting condition by an
equivalent set of DNF or MofN rules.

MofN rule can be more concise than DNF rules and it is more general. The conjunc-
tion 1 Axy ... Axk is equivalent to ezactly K of {x1,x2,...,zK}, while the disjunction
1V xa...V g is equivalent to at least 1 of {z1,x2,...,2x}. FERNN always attempts
to extract an MofN rule first before resorting to generating a DNF rule. MofN rule can

be generated by applying one of the following two propositions.
Proposition 3 Let the node splitting condition be
w11 + woxsg + ... s < U. (9)

Define |U | to be the largest integer that is less than or equal to U and define F = U —|U |

and suppose that the following conditions hold

1. The weights w; are positive and can be expressed as w; = 1+ f; with f; € [0,1),

i.e. w; €[1,2).
2. The possible values for x; are z; € {0,1}.
3. The sum of the |U| largest f;,i =1,2,..., K, is less than or equal to F.
We can then replace the condition (9) by the equivalent rule
if at most |U| of {z1,z2,...zKx} equal 1.

Proof.

11



1. Suppose that at most |U| of z1,z2,...zx equal 1, then

K K
dowims = Y (1+ fi)z
i=1 i=1
< [U|+F=U
2. Suppose that condition 9 is satisfied by &1, Z2,. .., Zx, we claim that at most |U|

of these K inputs have value of 1. Suppose |U| + u, (¢ > 1) of the inputs have

value of 1, then

K K
Zwiiﬁi = Z(l + fz):ﬁz
=1 i=1 .
= Ul +u+)_ fii

=1
> U]l+p>|U|J+F=U

which is a contradiction. QED.

Proposition 4 Let the node splitting condition be
wiT1 + wexo + ... xgTK > L. (10)

Define [L] to be the smallest integer that is larger than or equal to L and define F =
[L] — L and suppose that the following conditions hold

1. The weights w; are positive and can be expressed as w; = 1+ f; with f; € [0,1),

i.e. w; €[1,2).
2. The possible values for z; are z; € {0,1}.
3. The sum of [L| largest f;,i = 1,2,..., K is less than or equal to 1 — F.
We can then replace the condition (10) by the equivalent rule

if at least [L] of {z1,z2,... K} equal 1.

Proof.

The proof is similar to the proof of Proposition 3 and is omitted.

12



Remark 5 The relevant weights of a trained network can have any real values. Before
we test if they satisfy the conditions in Propositions 8 and 4, the following steps can be

performed to improve the chances of satisfying them:

o remove negative weights. This may be possible by replacing the corresponding inputs
x;’s with their complements. For example, suppose the attribute A has 2 discrete
values {a1,a2} and 2 binary inputs (x1,x2) have been used to represent them: A =
a1 < (z1,22) = (1,0) and A = a2 & (z1,22) = (0,1). If wy is negative, then we

can replace x1 by its complement which is xo:
w1xr1 = w1(1 — :132) = —w1T2 + w1
e divide all the weights by the smallest w;.

For the Monk?2 example, an MofN rule can be generated as follows. A sample pattern

is classified as a monk if and only if the condition
0.023 < 0'(4.6%3 + 4.2z — 4.5x7 + 4.4211 + 4.6215 — 4.6216 — 2.6) <0.43

is satisfied. The weights of 7 and 16 are negative. Since both attributes have only 2
possible values 0 or 1, the negative weights can be removed by substituting z7 and z1¢
by their complements: z7 = 1 — zg and 16 = 1 — x17. These substitutions and the

computations of 0~ 1(0.023) = —3.75 and o 1(0.43) = —0.28 lead to a simplified rule:
19<1lzs+ 26+ 1.1z + 211 + 11215 + 11297 < 2.7 (11)
The above condition can be transformed into the MofN rule:
if 2 of the 6 inputs {3, z¢, s, 11, T15, T17} are 1 then monk,

by applying Propositions 3 and 4.

When it is not possible to express a node splitting condition as an MofN rule, FERNN
generates DNF rule. A general purpose algorithm X2R [12] is used to automate the DNF
rule generation process. X2R takes as input a set of discrete patterns and their corre-
sponding target outputs and produces a set of classification rules with 100% accuracy
if there are no identical patterns with different class labels. The next section contains

illustrations of how such rules are extracted.
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5 Experiments with the Monkl and Monk3 problems

In addition to the Monk2 problem, Thrun et al. [22] also created two other classification
problems with the same input attributes. These are the Monk1l and Monk3 problem. In

this section, we illustrate how FERNN extracts classification rules for these problems.

5.1 The Monkl problem

A pattern is classified as a monk in this problem if (head_shape = body_shape) or if
(jacket_color = red). FERNN extracts rules from a network that has been trained to
correctly classify all its 216 input patterns. The original network had 10 units in the
hidden layer. The following C4.5 tree that was generated indicates that hidden units 2

and 8 are relevant:

H.8 > 0.48 : 1

H_8 <= 0.48 :

| H_2>0.94:0

|  H._2 <= 0.94 :

| | H.2<=0.12 : 0
| | H.2>0.12 : 1

e There are 3 node splits and the relevant values of L1, Lo and L3 are 0.48, 0.94,
and 0.12. The corresponding values of U;,Us and Us are 0.94, 1.00, and 0.90,
respectively. The new threshold values for the splits are 0.71, 0.97, and 0.51,

respectively.

e For hidden unit 8, we remove connections whose absolute weight total less than
2(U—-L) =2(0.94—0.48) = 0.92. As aresult, only 15 remains. The test Hg > 0.48
is replaced by 0(2.9z15) > (0.48 + 0.94) /2 = 0.71, or equivalently x5 > 0.30. This

test is satisfied only when x5 = 1, that is, when jacket_color = red

e For hidden unit 2, after removing the irrelevant weights, we have a pattern classified

as a monk if

0.51 < 0(2.221 — 2.1z9 + 6.8x3 + 4.825 — 4.3z¢) < 0.97.

14



After computing the values of 0 1(0.51) and o 1(0.97) and letting 1 = 1—2z2—23,

the above condition can be simplified to
—0.5< —z9+ 23+ 1.1x5 — 26 < 0.3.

The values of (z2, 3,5, 2s) that satisfy this condition can be given in terms of
an MofN rule if the negative weights are removed by substituting zo = 1 — T2 and

¢ = 1 — Tg to obtain
1.5 < T +a3+ 1.1z + 76 < 2.3.

Hence, by Propositions 3 and 4, a pattern is a monk if exactly 2 of {Z2, x3, x5, T¢}

are 1. The three sets of values of {2, x3, T5, 26} that satisfy this condition are:

(x2,23,25,26) (T2,x3,25,T6) Meaning

(0,0,0,0) (1,0,0,1) head_shape = octagon, body_shape = octagon
(1,0,1,0) (0,0,1,1) head_shape = square, body_shape = square
(0,1,0,1) (1,1,0,0) head_shape = round, body_shape = round

e We conclude that a pattern is classified as a monk if (jacket_color = red) or

(head shape = body_shape)

5.2 The Monk3 problem

A pattern is classified as monk in this problem if (jacket_color = green and holding =
sword) or (jacket_color # blue and body_shape # octagon). FERNN generates a tree
with a total of 3 nodes, the root node and 2 child nodes. This indicates that the patterns
in the data set of this problem are linearly separable, i.e., there exists a hyperplane such
that all the monks are on one side of it and the non-monks on the other side. For problems
with linearly separable patterns, the use of C4.5 to identify the relevant hidden units
quickly reduces the number of hidden units J from the initial value of 10 to 1.

An example of a decision tree that is generated is as follows:

H3<=10 : 0
H3>10 : 1

FERNN removes the irrelevant connections to the hidden unit 3 of the network and

obtains

15



If 0(—5.224 + 2.8x11 — 5.2212 + 2.6213) > 0.34,
then Class 0 (not monk),

else if o(—5.224 + 2.8x11 — 5.2212 + 2.6213) > 0.34,
then Class 1 (monk).

Twelve! different combinations of {z4,%11,%12, 213} are possible and they are all
represented in the training data set. X2R takes as input these 12 different combinations

along with the corresponding class labels and outputs the following rules:

number of conflicts: O
-—— Complete set of rules ---
RuleO: O * 0 * -> 1
Rulel: * *x 1 * -> 0
Rule2: * 1 01 > 1
Rule3: 1 * ¥ 0 -> 0
Rule4: 1 0 * * => 0

--—- Testing rules before further processing: -—-
Total Item: 12; Hit: 12; Miss: 0; Acc: 1.00
-—— Rule sets —-—-

Rule#: 0 2

Total Hit: 5; #Rule: 2 and class: 1

Rule#: 1 3 4

Total Hit: 7; #Rule: 3 and class: 0
Collecting the rules with target value of 1, FERNN obtains
RuleO: If 4 = 212 = 0, then monk.
Rule2: If 217 = 213 = 1 and z12 = 0, then monk.
In terms of the original attributes, the equivalent rules are
Rule0: If (body_shape # octagon) and (jacket_color # blue) then monk.

Rule2: If (holding = sword) and (jacket_color = green) then monk.

1 Two for z4, two for z1; and three for (z12, z13)
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Table 2: Comparison of various algorithms. P = number of samples, X = number of
attributes, a = predictive accuracies, and N = tree size.

C4.5 N2P2F+C4.5 FERNN
Dataset P K a N a N a N
Monk1 432 17 | 100.00 15| 99.98 10.20 | 99.89 10.50
Monk?2 432 17| 7546 45| 100.00 5.00 | 99.77 5.10
Monk3 432 17 | 100.00 9 99.98 3.20 | 99.88 3.00

CNF12a 4096 12 | 100.00 41 | 100.00  7.40 | 100.00 7.70
CNF12b 4096 12| 96.97 87| 99.96 30.70 | 99.94 26.60
DNF12a 4096 12 | 100.00 33 | 100.00 11.40 | 99.99 10.20
DNF12b 4096 12 | 100.00 43 | 99.62 19.60 | 99.99 12.20
MAJ12a 4096 12| 91.85 63| 9997 3.00 | 99.99 3.00
MAJ12b 4096 12| 81.49 195 | 100.00 3.00 | 100.00  3.00
MUX12 4096 12 | 100.00 147 | 99.93 25.50 | 99.70 28.20
Australian 690 15| 83.19 36| 83.48 7.10| 83.93 10.30
BCancer 699 10| 93.70 13| 9414 590 | 95.10 6.80

HeartD 297 13| 73.65 32| 8230 10.60 | 82.70 11.30
Pima 768 8| 71.09 75| 7264 17.80 | 72.75 17.30
Sonar 208 60| 79.81 13| 81.83 8.80 | 8351 9.50

6 Experimental results

The effectiveness of FERNN has been tested on 15 problems listed in Table 2. The data
sets were obtained from the UCI repository [13] or generated according to the function
definitions given by Vilalta, Blix and Rendell [25]. Each data set was randomly divided
into three subsets: the training set (40%), the cross validation set (10%) and the testing
set (50%). For all experiments, the initial number of hidden units in the network was 10.
The parameters of the penalty function (3) were fixed at e = 1,e2 = 0.01, and 8 = 5.

Table 2 compares the tree size (i.e., number of nodes) and predictive accuracy of
the decision trees generated by FERNN with those generated by C4.5 and the combined
algorithm N2P2F+C4.5. For the combined algorithm, N2P2F [17] stopped pruning when
the accuracy of the network on the cross validation set dropped by more than 1% from
its best value. C4.5 was then used to generate decision trees using the activation values
of the pruned networks. FERNN and C4.5 do not require the cross validation set, hence,
50 % of the data was used for each training session. The tree size and predictive accuracy
for FERNN and N2P2F+C4.5 are averaged over 20 test runs.

The decision trees extracted by N2P2F+C4.5 and FERNN are smaller than those
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generated by C4.5. This is expected since the decision nodes of the trees generated by
N2P2F+C4.5 and FERNN usually involve several original attributes of the data. In con-
trast, the decision nodes of the trees generated by C4.5 involve only individual attributes.
Using multiple attributes in the decision nodes may result in simpler rules, such as the
MofN rules for the Monk2 and MAJ12 problems. Multi-attribute decision nodes may
also improve the accuracy of the tree because samples from real world problems may be
better separated by oblique hyperplanes. This is the case with the heart disease data set
(HeartD in Table 2) where significant improvement is achieved by the neural network
methods over C4.5.

There is no significant difference in the accuracy and size of the decision trees gen-
erated by FERNN and N2P2F+C4.5. The test results suggest that FERNN can save
substantial amount of retraining time by using C4.5 to identify the relevant hidden units
of the unpruned networks without sacrificing the predictive accuracy and increasing the

size of the decision trees.

7 Discussion and conclusion

The paper by Andrews at al. [1] includes a comprehensive list of papers that discuss
methods for extracting rules from neural networks. We compare FERNN with some of

the works listed along the following 3 dimensions:

1. The expressive power of the extracted rules.
Some methods search for specific type of rules. For example, MofN algorithm [23]
and GDS algorithm [3] extract MofN rules. BRAINNE [15], RX [16] and NeuroRule
[18] generate DNF rules. RX and NeuroRule require that the continuous attributes
of a data set be discretized before neural networks are trained. NeuroLinear [19]
extracts oblique decision rules for data set with continuous attributes. The present
work is more general. For data sets with continuous attributes, it extracts oblique
decision rules. For data sets with discrete attributes, the process of rule extraction
is continued with possible extraction of either MofN rules or DNF rules. We provide
the conditions for which an MofN rule can be extracted. When these conditions

are not met, X2R is applied to extract DNF rules.
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2. The quality of the extracted rules in terms of their accuracy, fidelity and compre-
hensibility.
It is hard to make a direct comparisons between FERNN and other methods as
published work include results obtained from only a small number of data sets. Any
good neural network rule extraction algorithm, however, can be expected to ex-
tract rules with similar classification and predictive accuracy rates as the networks
themselves. Our experimental results indicate that FERNN has a high degree of
fidelity, that is, the rules that it extracts achieved the same training accuracy and
similar test accuracy as the networks. We also compare FERNN’s performance
with that of a method that extracts rules from pruned networks (N2P2F+C4.5)
and find that there is no significant difference in the predictive accuracy and the

size of the decision trees generated by both methods.

3. The extent to which the underlying neural networks incorporate specialized training
methods.
Like most other methods, FERNN requires that the networks be trained to mini-
mize an augmented penalty function. A penalty or weight decay term is added to
the error function to encourage some weights to go to zero. Network connections
with weights that are close to zero are irrelevant and can be removed without jeop-
ardizing the network accuracy. In FERNN, however, the choice of penalty function
is very crucial since weights are set to zero based on their magnitudes and no net-
work retraining is performed after the connections are removed. Other than this
careful selection of the penalty function and its parameter values, FERNN does
not require specialized network training algorithm. This is in contrast to a method
that requires the weights to be of certain magnitudes [3], methods that require that
all the units in the networks be binary valued [7, 23] and a method that requires

the output units to be replicated in the input layer [15].

To conclude, in this paper we have presented FERNN, a fast algorithm for extract-
ing symbolic classification rules from neural networks. Qur experimental results show
that even though the algorithm does not perform network retraining after identifying
the relevant hidden units and connections, the decision trees that it generates are com-
parable in terms of predictive accuracy and tree size to the trees generated by another

method which requires network pruning and retraining. The algorithm employs C4.5 to
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generate a decision tree using the hidden unit activations as inputs. For a data set with

discrete attributes, the node splitting conditions in the tree can be replaced by their

equivalent symbolic rules after irrelevant input connections are removed. Simple criteria

for identifying such connections are given. The criteria ensure that the removal of these

connections will not affect the classification accuracy of the tree.
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