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Abstract—A fuzzy knowledge-based network is developed it cannot provide any information about the intersection region
based on the linguistic rules extracted from a fuzzy decision tree. where the pattern classes are overlapping.

A scheme for automatic linguistic discretization of continuous . . .
attributes, based on quantiles, is formulated. A novel concept for The fusion of fuzzy sets with decision trees enables one to

measuring the goodness of a decision tree, in terms of its compact-Combine the uncertainty handling and approximate reasoning
ness (size) and efficient performance, is introduced. Linguistic capabilities of the former with the comprehensibility and ease of
rules are quantitatively evaluated using new indices. The rules are gpplication of the latter. This enhances the representative power
mapped to a fuzzy knowledge-based network, incorporating the ¢ yecision treematurally with the knowledge component in-
frequency of samples and depth of the attributes in the decision . . . L
tree. New fuzziness measures, in terms of class memberships, ard'€rent in fuzzy logic, leading to better robustness, noise im-
used at the node level of the tree to take care of overlapping classes.munity, and applicability in uncertain/imprecise contexts. Fuzzy
The effectiveness of the system, in terms of recognition scores,decision trees [5] assume that all domain attributes or linguistic
structure of Ideé:ISIOn tree, p;rforrrr:ance of rufles, f‘lr‘]?' r:jetwork SIz€. variables have pre-defined fuzzy terms, determined in a data-
Is extensively demonstrated on three sets of real-lile data. driven manner using fuzzy restrictions. The information gain
Index Terms—Classification, decisi_on tree, fUZZy |D3., knowl- measure, used for sp“t“ng a node, is modified for fuzzy repre-
§gr%1%5§r?g d network, rule evaluation, rule generation, Soft ganiation and a pattern can have nonzero match to one or more
' leaves. Techniques for the design of fuzzy decision trees have
been reported in literature [5]-[12].

. INTRODUCTION Ichihashiet al. [6] extract fuzzy reasoning rules viewed as

HE Concept of decision trees was popu|arized by Quin]éHZZy partitions. An algebraic method to facilitate incremental

with ID3 [1], which stands fointeractive Dichotomizer learning is also employed. Xizhao and Hong [7] discretize con-
3. Systems based on this approach use an information théiBuous attributes using fuzzy numbers and possibility theory.
retic measure of entropy for assessing the discriminatory powgdrycz and Sosnowski [8], on the other hand, employ con-
of each attribute. The most important feature of decision tretext-based fuzzy clustering for this purpose. Yuan and Shaw [9]
is their capability to break down a complex decision-makinigiduce afuzzy decision tree by reducing classification ambiguity
process into a collection of simpler decisions and thereby, pwith fuzzy evidence. The input data is fuzzified using triangular
viding an easily interpretable solution [2]. ID3 is a popular ancthembership functions around cluster centers obtained using Ko-
efficient method of decision—making for classificationsyin- honen'’s feature map [13]. Wareg al.[10] present optimization
bolic data and is generally not suitable in cases where numerinciples of fuzzy decision trees based on minimizing the total
ical values are to be operated upon. Since most real life pratumber and average depth of leaves, proving that the algorithmic
lems deal with nonsymbolic (numeric, continuous) data, thegpmplexity of constructing a minimum tree is NP-hard. Fuzzy
must be discretized prior to attribute selection. Classificatiattropy and classification ambiguity are minimized at node
and Regression Trees (CART) [3] and C4.5 [4], however, do nelel, and fuzzy clustering is used to merge branches.
require prior partitioning. Here the thresholds are dynamically pecision trees and neural networks are the most commonly
computed depending on the conditions along a path, and off@fbg nonparametric tools for pattern classification. While in de-
result in the multiple use of a particular attribute with differentision trees the number of tuples becomes smaller as the path
thresholds. This can lead to an increased accuracy at the ¢gtveen the root node and a new node increases, the decision
of reduced comprehensibility. Another problem with ID3 is thgf,ngaries of the neural net are formed by considering all the

available input tuples as a whole. Hence a neural net can be ex-
Manuscript received September 20, 2000; revised July 13, 2001 and AugR&cted to generate fewer rules, but with larger number of an-
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general, itis desirable to have small networks. This is becausefmebability p is determined on the basis of frequency of
creasing the number of hidden nodes/links may improve the a@currence.
proximation quality of an ANN at the expense of deteriorating its The general case is that &f labeled patterns partitioned into
generalization capability (due to the resulting redundancy). Osets of patterns belonging to class&s: = 1,2,3,...,1. The
way of improving the generalization behavior of an ANN is t@opulation in clas§’; isn;. Each pattern hasfeatures and each
use knowledge-based networks [18], [19], which consider crutiature can take on two or more values. The ID3 prescription for
domain knowledge to generate the initial network architectusgnthesizing an efficient decision tree can be stated as follows
thatis later refined in the presence of training data. Fuzzy knovi22]:
edge-based networks [20], [21] typically incorporate fuzziness atStep 1) Calculate initial value of entropy
the network level, using fuzzy neural networks. This manner of
automatically generating the optimal network architecture helps l l
in reducing the search space and time while the network tracesEntropy = Z — (&) log, (&) = Z —p;logopi. (1)
the solution. Decision trees can be used for this purpose. i=1 N N i=1

The present article describes the formulation of a fuzzy
knowledge-based network using the principle of a fuzzy de- Step 2) Select that feature which results in the maximum de-

cision tree. Quantitative measures are defined to evaluate the crease in entropy (gain in information), to serve as
effectiveness of the fuzzy decision tree and the linguistic rules. the root node of the decision tree.

The novel concept of tree evaluation, in terms of its compactness>tep 3) Build the next level of the decision tree providing the
and performance, enables extraction of only meaningful (less greatest decrease in entropy.

ambiguous) rules. A smaller/compact tree is more efficient both St€P 4) Repeat Steps 1 through Gontinue the procedure
in terms of storage and time requirements, tends to generalize until all subpopulations are of a single class and the
better to unknown test cases, and leads to the generation of more system entropy Is zero.
comprehensible linguistic rules. This results in the generationAt this stage, one obtains a set of leaf nodes (subpopulation)
of a compact (less redundant) fuzzy knowledge-based netwdtk the decision tree, where the patterng are of a single class.
Quantitative evaluation of the linguistic rules not only minimize§ote that there can be some nodes which cannot be resolved
human intervention, but also provides aids for knowledge didny further.
covery. A measure “Coverage” is also introduced in this regard.

Discretization of continuous attributes, based on the distribB- Incorporation of Fuzziness

tion of pattern points in the feature space, is made in linguistic|npyt attributes are automatically discretized in linguistic
terms using quantiles. Unlike other fuzzy decision trees [5], thigrms, based on the distribution of pattern points in the feature
discretization to boolean form helps in reducing the computgpace. Different forms of fuzzy entropy are computed at the
tional complexity while preserving the linguistic nature of th@ode level, in terms of class membership, to take care of over-
decision in rule form. New fuzziness measures, in terms of claapping classes. Pruning is used to minimize noise, resulting in
memberships, are used at the node level of the tree to take carg sinaller decision tree with more efficient classification.
overlapping classes. Pruning is used to minimize noise, resultingl) Input RepresentationAny input feature value is de-
in a smaller decision tree with more efficient classification. Thecribed in terms of some combination of overlapping member-
extracted rules are mapped onto a fuzzy knowledge-based m#iip values in the linguistic property sétsv (L), medium(M)
work. Unlike [15]-[17], the frequency of samples (representandhigh (H). An n-dimensional patterl; = [a1, a2, ..., a,]
tive of a rule) and the depth of the attributes in the decision treserepresented as a3dlimensional vector [23]
are incorporated during the mapping.

The effectiveness of the system is exhaustively demonstrajed_ [Mow (a1) (F3) , Pmedium (a1) (F3),
on three sets of real-life dat&jz., Vowel, Wisconsin Breast
CancerandBalance scale Lhigh (a1) (F3i), .., fhigh (an) (F,L-)] (2)

Il. Fuzzy ID3 where theu values indicate the membership functions of the cor-
responding linguistic functiorlew, mediunandhighalong each
ature axis. Each value is then discretized, using a threshold
enerally 0.5), to enable a convenient mapping in the ID3 frame-
ork. This discretization to boolean form speeds up computation
%'?/ reducing the complexity of the search space. However the lin-
guistic flavor of the attributes is retained, thereby enabling the ex-
) traction of more user-friendlyaturalrules that are then mapped
A. ID3 Algorithm to the fuzzy knowledge-based network.
ID3 uses an information-theoretic approach. The procedureWhen the input feature is numerical, we divide it into three
is that at any point, one examines the feature that provideartitions (with range [0, 1]) using only two parameté&}s and
the greatest gain in information or, equivalently, the greateBf, as depicted in Fig. 1. Features in linguistic and set forms
decrease in entropy. Entropy is defined -aglog, p, where can also be handled. Note that, unlike [23], we do not consider

First, we present the classical ID3 algorithm. This is followe
by incorporation of fuzziness at the input, output, and no
levels, to handle different forms of uncertainty. Finally, a ne
metric, calledl’-measure, is developed to evaluate the decisi
tree both in terms of performance and size.
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2) Output Membership and Fuzzy Entrop€onsider an
[-class problem domain. The membership of ttiepattern in
classk, lying in the range [0, 1], is defined as [23]

low medium high

pir (Fi) = . (1)

RN
L+ (%)

where z;;, is the weighted distance of the training pattd&n

j from classC}, and the positive constanfs and f. are the de-
Fig. 1. Linguistic input membership functions. nominational and exponential fuzzy generators controlling the
amount of fuzziness in the class membership set.
the arithmetic mean but uspiantilesor partition values[24] Fuzziness is incorporated into the ID3 algorithm at the node
in order to minimize the influence of extreme values or noiggvel by modifying the conventional decision function, with
patterns. classical Shannon entropy, by the inclusion of different fuzzy
Conventional ID3 algorithm, using (1). measures. The fuzzy entropy considers the membership of a

Let Fj_ .. and F;_, denote the maximum and minimumpattern to a class and helps enhance the discriminative power of
values encountered along featufe consideringV training an attribute. In order to reduce the effect of noise or exceptions,
patternsFy ;, Fyj, . .., Fiy;. Let these patterns be sorted in th@ node is pruned depending on the number of patterns reaching
ascending order of their values along tfth axis. The first it. For this purpose, a threshotds defined as a lower bound
quantile ;1) is the value ofF; that exceeds one-third of on the fraction of patterns allowed in an existing node.
the measurements and is less than the remaining two-thirdsl-et us now provide the different fuzzy entropy/fuzziness mea-
The second quantilel{;) is the value ofF; that exceeds sures, denoted amses a, b, despectively, investigated at the
two-thirds of the measurements and is less than the remainfifle level of the decision tree. Note tha}, the membership
one-third. In order to determine the two quantiles, we divide ti@ the jth pattern to théth class, is calculated by (7) apg is
measurements into a number of small class intervals of eqtlga priori probability of thekth class. Comparison is provided
width § and count the corresponding class frequengje3he Wwith cases 6], cases ¢25] andcases {22].
position of thekth partition value (here quantile, as= 1, 2 Case a:
for three partitions) is calculated as

l
P =1; + R"%cfi*l -6 3) Entropy= -3 p;log,p;
i i=1
wherel; is the lower limit of theith class intervall, = N - k/3 1 N
is the rank of thetth partition value, andf;_; is the cumula- ~ — % > Z prijlogy pij + (1 — pij) logy (1 — pij)]. (8)
tive frequency of the immediately preceding class interval, such i=1j=1

thatcf,_1 < Rp < cf;. Then, in Fig. 1, we havelv;; =

. _ The first term on the right is the classical entropy of (1), while
; 1)/2, Avjo = (Pj1 + Pj2)/2, andAv,3 = (P;
%] +2 i1)/2 Avjz = (P + Piz)/ vis = (P2 + the second term corresponds to fuzzy entropy [23].
T /1 Case b: Same aase abut without pruning.

The membership values of a pattern along jftte axis, in

the corresponding three-dimensional linguistic space of (2), iSCase c [6]:
computed as N
1, for Fij < A’Ujl l 'Zl i 'El Hij
i2o—Fij _ J= j=
Wlow (aj) (Fl) = % for A’Ujl < Fij < sz EntrOpy- Z N 10g2 N (9)
otherwise =1

(4) Thisis a normalized version of fuzzy entropy, with no classical
0, for F; < Pj entropy component involved.

for Pj; < Fjj < Avjo Case d:

Avio—Pjiq
medium (@j Fz = .'72, .’l.l
pemedium (05) (F) Fzlu - for Avjy < Fyj < Ppo
j2mAviz - Z i Z 14i
0, otherwise Ent L= :
ntropy= — (0]
®) py 2. N g2 N
0, for FL'J' < le 1 I N
Hhigh (Clj) (Fl) = % for le < FL'J' < Ang, N Z Z i log, Hij + (1 - /L’ij) log, (1 - /L’ij)] . (10)

1,  otherwise. i=1j=1

(6) Thisisan amalgamation of the two forms of fuzzy entropy, the

1Quantiles or partition values are the values of a variate which divide the toﬂ:ﬁSt t_erm on the right corresponding to (9) and the second term
frequency into a number of equal parts relating to the fuzzy entropy part of (8).
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Case e [25]:

l ! N
1 .
Entropy= — E p; logy pi — N E E min (pi5, 1 — pij) -
i=1

i=1 j=1
11)
Here the first term on the right is the classical entropy of (1”*= 50
while the second term corresponds to a fuzzy measure of 1t
ambiguity present.

Case f: Conventional ID3 algorithm, using(1). N=40 Nz 10 N7=50 N=10
d=2 d=2 d=2 d=2
C. Performance Measure for Decision Tree (a) (b)

Decision trees generated by different fuzzy entropy measuggs ,  £xample demonstratirig-measure computation.
may vary in size and structure, and this influences the perfor-
mance of both the tree and the rules extracted fromit. Inorderto  pyqof: et us first establish the upper limit. By (13), we
evaluate the efficiency of a decision tree we propos@theea- |5e
surg keeping in view the following issues.

N; .
» The less the depths of the leaf nodes of the tree, the better w; ZW’ 1=1,2,... Ninodes 14)
it is since it takes less time to reach a decision.

and
» The existence of unresolved terminal nodes is undesirable. PR N 15
« The distribution of labeled leaf nodes at different depths izl =12, Ninodes- (15)
affects the performance of the tree; atree whose frequentiy,ce
accessed leaf nodes are at lower depths is more efficient N N
in terms of time. ey 1N
Definition 11.1: TheT-measure T, for a decision tree is de- i et N
fined as
Nivos Sincey_N#e¢= N; = N, one obtains
2n - Z wid; Ninodes
T=_— = 12 id;
S (12) > wid; > 1.
=1
where So
2. for aresolved leaf node
w; = é\fi ’ (13) Ninodes
i otherwise o — Z wid; <2n — 1
. . . . i=1
n isthe number of binary attributes of a pattetnis the depth of Niwosos
aleaf nodeN;,.q4c5 is the number of terminal (leaf/unresolved) 2n — Y. wd;
nodesV is the total number of pattern in the training set ahd je, T=——"=L 1. (16)
is the total number of training set patterns that percolate down 2n —1
to thes th leaf node.The value ¢f lies in the interval [0, 1). Now we check the lower bound far. We have
A value 0 forT is undesirable and a value close to 1 signifies a IN.
good decision tree. w; STL, i=1,2,..., Ninodes 17)
Now we demonstrate the evaluation of ffianeasure with an and
example. Consider a two-class problem, with two-dimensional 4 <m i—1.2 N 18
patterns. Let Fig. 2 depict two decision trees generated by two i S 8= 4 % - Hinodes- (18)
different algorithms. For the decision tree in Fig. 2(a), Hence
2XxXx2—-05%x1-— 04 X2—02x%x2 Ninodes Ninodes
_ _ 2N;n
r= 2x2-1 =0 > widi< Yy = =2
=1 =1
while for the decision tree in Fig. 2(b) one obtains Ninodes
2%x2-05x2—04x1—02x2 e 020 = 3 widy
X2—UDoX2—-04X 1 —-02X -
T = 2 —0.73. i=1
2x2—-1 Ninodes
. .. . 2n — widi
Hence, we observe that the first decision tree is better than the ie.0<—_ =L _.p (19)

second, since the fraction of patterns in the node at depeis - 2n —1
more in the first case. Thus one obtains
Theorem: The value &f-measure lies within 0 and 1, i.e.,
0<T<1. 0<T<1. (20)
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Fig. 4. Weight encoding using Model I.

lnput Layer
Output Layer @
unresolved nodc

Fig. 3. Sample decision tree for rule generation.

Hidden Layer
I1l. RULE GENERATION AND EVALUATION

Here we explain the algorithm for extracting domain knowl
edge, in the form of rules, using the decision tree generated
the fuzzy ID3. Let us consider the leaf nodes only. The pa
from the root to a leaf can be traversed to generate the I’l@ @ @ @ @ @ @ @
corresponding to a pattern from that class. In this manner, one ™™
obtains a set of rules for all the pattern classes, in the foify 5. weight encoding using Model II.
of intersection of the features/attributes encountered along the
traversal paths. Théth attribute is marked asl; or A; de-
pending on whether the traversal is made along the right or I Output Layer @
branch. Each rule is marked by its frequency, that is the numt
of pattern points reaching this leaf node. Note that each le
node that has pattern points corresponding to only one clas:
termedresolved

n -wn3 w3

Hidden Layer

A. Example
- (/6)W

ONORORORONO,

Input Layer

13w

The scheme of extracting the rules from the decision tree
demonstrated with an example. Suppose the training set cons
of 21 patterns, from three pattern classes, with three featyres @
F, and F;3. After splitting each feature into the three linguistic
variableslow, medium andhigh by (2), one obtains the nine- Fig. 6. weight encoding using Model 1.
dimensional symbolic featurels;, My, Hy, Ly, M5, Hs, L3,

Ms, Hs. Let the sample decision tree be shown in Fig. 3, and
the extracted rules be element;; indicates the number of patterns actually belonging

1) Ty A Hs — Cy:2 to clags_i _but classified as clas_js -
2) Ly A M5 ATy — Cs:6 Definition III_.1:Accuracy: Itisthe correctclassmcatlon per-
3) Ly ADMs A M, — Cy,Co:3 centage,_prowded by the rules on a t_est s_et defined gs:;,
4) Ly A My ATy — 01;5, ' wheren; '|s equal to the number pf points in clasandn;. of
5) Iy A My A Ly — Ca:5 these points are correctly classified.
’ Definition 111.2: User’s Accuracy: If n! points are found to

be classified into class then user’s accuracy/( is defined
asU = n;./n}. This gives a measure of the confidence that a

Now we provide a set of indices for quantitatively evaluelassifier attributes to a region as belonging to a class. In other
ating the extracted rules. New measures to estimate the andrds, it denotes the level of purity associated with a region.
guity/confusion and coverage of these rules are designed in th®efinition 111.3: Kappa [26]: The coefficient of agreement
context of decision trees. L&t be anl x [ matrix whose{, j)th called “kappa” measures the relationship of beyond chance

O

B. Quantitative Measures for Rule Evaluation
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TABLE |
PERFORMANCE OFFUZzzY ID3 ON VOWEL DATA

Train Recognition scores (%)
Case set Training Testing T
(%) 7] a i u e 0 Net a a i u e o Net
10 79.2 | 69.9 | 89.0 | 83.6 | 81.5 | 72.2 | 81.1 65.4 | 50.3 | 85.4 | 829 | 70.9 | 68.7 | 72.8 | .70
20 84.7 | 66.9 | 89.7 | 87.6 | 70.3 | 65.6 | 77.6 || 69.4 | 59.3 | 88.8 | 79.8 | 67.8 | 62.0 | 71.9 | .69
a 30 77.7 | 61.7 | 91.4 | 87.3 | 69.7 | 63.5 | 75.9 || 72.5 | 59.0 | 87.9 | 84.7 | 63.2 | 65.4 | 72.6 | .68
40 78.0 | 56.2 | 90.1 | 86.9 | 69.4 | 63.2 | 74.7 || 74.8 | 49.2 | 91.8 | 89.0 | 59.3 | 58.8 | 71.0 | .67
50 79.7 | 57.3 | 94.2 | 91.1 | 61.8 | 64.3 | 74.9 73.1 | 60.0 | 91.3 | 89.4 | 58.8 | 66.5 | 73.1 | .67
10 89.3 | 64.5 | 89.8 | 874 | 72.3 | 60.7 | 77.2 68.6 | 50.3 | 82.9 | 84.8 | 68.3 | 60.7 | 70.7 | .53
20 90.3 | 53.4 | 92.0 | 87.9 | 68.5 | 52.9 | 73.5 71.5 | 53.9 | 88.2 | 84.3 | 62.1 | 51.8 | 68.8 | .53
b 30 88.6 | 62.5 | 94.1 | 89.6 | 55.0 | 43.4 | 69.9 74.2 | 54.2 | 88.0 | 85.1 | 53.1 | 39.4 | 64.5 | .53
40 91.2 | 53.6 | 95.5 | 92.6 | 46.6 | 31.8 | 65.6 || 81.6 | 55.4 | 92.4 | 88.7 | 46.9 | 28.3 | 62.8 | .53
50 90.1 | 52.6 | 94.9 | 91.6 | 41.8 | 25.9 | 63.0 || 82.4 | 55.3 | 93.7 | 92.0 | 40.3 | 25.5 | 61.6 | .53
10 87.2 | 71.1 | 91.3 | 84.3 | 73.9 | 70.0 | 79.5 61.7 | 51.7 | 87.0 | 82.4 | 67.2 | 61.6 | 704 | .70
20 82.4 | 57.8 | 89.1 | 87.8 | 73.7 | 62.2 | 76.1 65.1 | 58.0 | 89.4 | 81.5 | 63.5 | 57.6 | 70.0 | .69
c 30 79.0 | 62.4 | 914 | 86.4 | 66.0 | 62.8 | 74.8 69.8 | 54.6 | 90.0 | 85.0 | 59.3 | 60.9 | 704 | .70
40 76.5 | 55.5 | 91.9 | 86.5 | 65.5 | 63.1 | 74.1 72.0 | 48.1 | 919 | 89.4 | 59.5 | 57.4 | 70.6 | .69
50 79.9 | 51.3 | 93.1 | 87.8 | 61.2 | 62.9 | 73.2 70.1 | 54.9 | 90.0 | 84.6 | 64.5 | 68.3 | 73.1 | .67
10 83.4 | 58.7 | 87.8 | 86.0 | 78.7 | 70.2 | 79.0 || 65.2 | 47.3 | 87.0 | 86.8 | 66.1 | 59.0 | 70.3 | .71
20 82.3 | 624 | 88.5 | 80.3 | 71.7 | 68.7 | 76.3 71.5 | 51.5 | 86.9 | 84.5 | 66.2 | 62.1 | 71.5 | .71
d 30 76.9 | 57.7 | 89.5 | 82.7 | 68.2 | 64.0 | 74.2 71.0 | 56.7 | 90.8 | 84.7 | 57.2 | 60.9 | 70.3 | .69
40 79.8 | 55.8 | 94.2 | 90.2 | 60.7 | 65.6 | 74.5 72.3 | 57.5 | 89.7 | 84.8 | 60.5 | 60.9 | 71.1 | .69
50 75.0 | 55.5 | 94.5 | 89.3 | 59.9 | 66.1 | 74.1 729 | 50.6 | 91.7 | 86.8 | 56.8 | 61.1 | 70.3 | .69
10 315 | 129 | 783 | 71.0 | 69.7 | 77.4 | 66.0 || 29.2 | 275 | 77.1 | 74.0 | 64.3 | 73.0 | 63.6 | .64
20 434 | 154 | 80.8 | 68.3 | 54.3 | 75.3 | 61.3 32.7 | 239 | 87.7 | 71.1 | 50.1 | 85.2 | 64.5 | .61
e 30 38.0 9.1 80.6 | 68.1 | 44.8 | 75.0 | 58.1 41.5 | 20.4 | 82.5 | 72.8 | 44.3 | 85.1 | 62.3 | .60
40 31.1 | 16.3 | 82.7 | 70.0 | 394 | 79.3 | 58.9 || 309 | 22.2 | 81.5 | 72.6 | 38.5 | 86.9 | 60.4 | .60
50 27.1 | 14.7 | 83.0 | 70.9 | 41.3 | 80.1 | 58.8 31.0 | 185 | 81.1 | 72.1 | 39.1 | 88.2 | 60.7 | .60
10 284 | 155 | 79.3 | 65.8 | 74.3 | 74.5 | 63.3 13.2 | 24.5 | 68.7 | 63.7 | 61.0 | 48.8 | 52.7 | .64
20 17.0 | 16.9 | 79.4 | 54.2 | 61.5 | 73.3 | 57.7 19.7 | 23.5 | 68.2 | 65.4 | 51.0 | 51.4 | 514 | .61
f 30 13.5 6.1 82.8 | 60.7 | 52.3 | 77.7 | 57.1 10.8 | 19.8 | 76.4 | 72.1 | 47.1 | 32.2 | 48.1 | .60
40 14.4 7.7 78.4 | 61.3 | 56.7 | 76.6 | 57.2 9.7 219 | 76.6 | 72.6 | 44.8 | 34.5 | 484 | .60
50 14.3 7.9 79.6 | 60.9 | 52.7 | 76.3 | 56.5 5.3 18.1 | 745 | 72.8 | 39.8 | 25.5 | 44.5 | .59
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agreement to expected disagreement. It uses all the cells in¢iston making. Leti;; be the mean of alh;; for i # j. Then

confusion matrix, not just the diagonal elements. The estimate define

of kappa ) is the proportion of agreement after chance

agreement is removed from consideration. The kappa value for

classi(K;) is defined as

K;

- Nie

neni—mn;-

—n;

!

n.

3
7 -
12

(21)

Con

fo Card{n,,;j PN > ﬁij;i # J}
o l

(22)

for anl class problem. The lower the value@bn f, less is the

number of classes between which confusion occurs.

Definition 111.5: Coveage: We define it as the ratio between
the total number of patterns associated with the rules corre-
sponding to resolved leaf nodes, and the total number of pat-
terns in all the rules and hence the terminal (resolved and/or

The numerator and denominator of overall kappa are obtaingsresolved) nodes.
by summing the respective numerators and denominatdss of
separately over all classes.
Definition I1l.4: Confusion [27]: This measure quantifies the0. For example, from Fig. 3 we have
goal that the tonfusion should be restricted within minimum
number of classesThis property is helpful in higher level de-

Coverage=

2+6+5+5

24+6+3+5+

O

18
217

When the rules can perfectly classify all the patterns, cov-
erage is 1, and when they cannot classify any pattern then it is
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IV. M APPING OFRULES TONEURAL NETWORK ARCHITECTURE TABLE I
QUANTITATIVE MEASURESFOR EVALUATING RULES IN VOWEL DATA

In this section we describe a new way of mapping the

extracted rules to generate an optimal fuzzy knowledge-bas Case | Train | Accuracy User’s Kappa | Confusion | Coverage
neural network. Unlike other approaches [15]-[17], the fre set (%) | (%) | Accuracy (%)
guency of samples (representative of a rule) and the depth 10 63.20 72.67 0.67 2.30 0.80
the attributes in the corresponding decision tree are taken ir 20 62.70 73.15 0.67 2.37 0.78
consideration during the mapping. a 30 59.74 75.47 0.70 2.37 0.72
Before going into the details of knowledge encoding, le 40 59.62 77.14 0.72 2.20 0.73
us first introduce the different parameters of a multilaye 50 60.06 75.40 0.70 2.34 0.75
perceptron (MLP). The output of a neuron in any laygj ( 10 60.33 71.45 0.65 2.54 0.76
of an MLP, other than the input layeh (= 0), is yf = 20 60.14 73.58 0.67 2.24 0.79
1/[1+ exp(— Y2, yi " wlh)], wherey~" is the state of the 5 | 30 | 6052 77.63 072 | 226 0.73
1th neuron in the precedingi(— 1)th layer andw]f-”[1 is the 40 59.46 79.36 0.75 2.38 0.69
weight of the connection from thi&h neuron in layer/ — 1) 50 60.18 80.65 0.77 2.06 0.72
to thejth neuron in layer /). For nodes in the input Iayey_,? 10 70.81 87.14 0.85 1.78 0.78
corresponds to thggth component of the input vector. Note that 20 66.90 84.66 0.81 2.04 0.75
zh =Y, yitwl . The Jh-dimensional input vector of (2)is ¢ 30 65.59 84.08 0.81 2.37 0.75
clamped at the input layer to the input node, ¢5, ..., v3,]. 40 62.62 84.20 0.81 2.32 0.72
Herey?, ..., 49, refer to the activation values of the Bieurons 50 60.92 83.00 0.80 2.14 0.70
in the input layer. Thd-dimensional output vector, in terms 10 71.55 86.45 0.83 1.84 0.77
of class membership valueg)(of patterns by (7), is clamped 20 65.26 84.80 0.82 2.07 0.74
at thel nodes in the output layer of the MLP. During training, ¢ 30 62.04 81.42 0.78 2.27 0.72
the weights are updated by backpropagating errors with respi 40 62.22 82.82 0.80 2.26 0.71
to these membership values such that the contribution 50 59.22 83.22 0.80 2.20 0.68
uncertain/ambiguous pattern vectors is automatically reducet 10 60.69 77.22 0.72 2.19 0.71
The details of the different knowledge encoding scheme 20 59.70 71.80 0.67 1.89 0.60
mapping the rules extracted from the decision tree, are descrit . 30 53.59 74.64 0.70 1.93 0.54
here. Letry; be theith rule for clasC} with frequencyf’,,. 40 53.39 73.95 0.69 1.99 0.52
Each rule is mapped using a single hidden node, modeling t 50 53.27 72.71 0.68 1.92 0.52
conjunct, that connects the attributes corresponding to the ¢ 10 60.36 63.00 0.57 2.13 0.73
propriate pattern class. Therefore, one generates at leidsien 20 57.15 66.00 0.60 2.29 0.60
nodes in a single hidden layer for &wclass problem. For sim- ¢ 30 57.10 66.00 0.61 211 0.54
plicity, rules involving only one class (pertaining to leaves) ar 40 55.72 67.00 0.61 1.97 0.50
selected and those corresponding to unresolved nodes of 50 55.67 67.00 0.61 2.16 0.47

decision tree are discarded. If there are two rules for a single

classC, then that rule with the highest frequency is considereg. Model |

Hence we use onlihidden nodes to modéklasses. This con- "™

straint can of course be relaxed to incorporate other ralbsjt ~ The weightwy,;, between output nodé (class Cy) and
at the cost of increasing the size and computational complexitigden node (rule r4;), is set atf’;; + ¢, wheree is a small

of the resultant network. The sample rules generated from Fig@dom number; ang’;; = 1. The weight\W?, between
thus reduce to attribute A; (L; or M; or H;) and hidden node is clamped

Y L, A AT, = Gt G i e cart) acates e umber
— g the traversal path
2) Ln AN M3 A Ly — C135, from the root to the leaf containing the pattern corresponding
3)L1/\M3/\L3—>C3'5. .
’ to rule r; a of classCy. In other words, Cardy;) is the
These rules are used to initially encode an MLP, that thefymber of operands in the conjunct of rulg for classCy.
learns in the presence of training data. It is to be noted that the@ge example illustrating this scheme is provided in Fig. 4 for
rules just serve as representatives, describing the major chaedgssC,. The superscript indicates the layer of the neural net
teristics of the pattern classes, and as the starting point of theder consideration, the values 1 and 0 corresponding to the
MLP, for further learning. The representative rulebase, thersidden-output and input-hidden layers respectively.
fore, need not be too detailed/accurate; rather, a crude knowl-
edge is sufficient to initiate the training procedure. This is tH8. Model Il
reason for sacrificing accuracy at the expense of simplicity at theHere a factov = f1:/(X, f4:) is used to indicate the im-
decision tree level, by pruning the nodes and limiting the size pbrtance of a rule for a particular cla€%, among all rules de-
the extracted rulebase. The generalization aspect and otherdmmining the whole network. The scheme for mapping weight
tricacies of the decision boundary are handled after the netwarR, = is the same as in Model I. An example illustrating this
mapping phase, during neural learning. scheme is provided in Fig. 5.
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COMPARATIVE PERFORMANCE OFK-IL-QVBVII:IEEEDG”IZI—ENCODED MLPS FORVOWEL DATA
Train Recognition scores (%) No. | No.
set Training Testing of of
(%) ] a i u e 0 Net 7] a i u € o Net | link | cycle
10 72.2 | 98.2 | 89.1 | 89.3 | 99.4 | 98.1 | 93.3 359 | 87.0 | 81.0 | 82.7 | 81.4 | 84.5 | 78.9 | 90.5 242
M 20 56.6 | 91.4 | 78.2 | 84.1 | 98.1 | 98.0 | 87.5 || 31.8 | 86.5 | 74.6 | 75.0 | 89.8 | 92.7 | 79.6 | 91.2 | 203
L 30 38.6 | 90.8 | 66.2 | 75.7 | 97.7 | 98.8 | 82.6 || 28.4 | 85.3 | 68.2 | 75.0 | 94.3 | 94.1 | 794 | 914 | 106
P 40 23.8 | 89.2 | 62.5 | 60.8 | 96.5 | 97.7 | 76.8 || 22.8 | 87.0 | 65.1 | 66.7 | 95.0 | 96.4 | 77.6 | 91.8 27
M 10 57.0 | 86.6 | 85.3 | 91.0 | 97.6 | 97.9 | 89.4 || 27.7 | 84.4 | 80.4 | 80.6 | 85.3 | 87.0 | 79.0 | 65.6 | 197
o 20 42.7 | 88.9 | 79.0 | 81.2 | 96.3 | 979 | 85.6 || 25.2 | 84.6 | 77.0 | 78.2 | 90.2 | 91.9 | 79.7 | 65.6 | 102
d 30 249 | 89.5 | 76.3 | 78.1 | 95.5 | 97.3 | 83.0 18.8 | 83.0 | 75.3 | 75.5 | 93.0 | 95.3 | 80.0 | 65.2 40
I 40 14.9 | 87.4 | 74.0 | 759 | 96.3 | 98.9 | 81.5 || 10.1 | 82.8 | 73.8 | 73.3 | 93.4 | 97.9 | 78.9 | 67.7 35
M 10 11.2 | 80.6 | 74.5 | 71.4 | 92.2 | 98.3 | 78.3 278 | 84.1 | 80.4 | 80.6 | 84.8 | 86.2 | 78.7 | 66.5 35
o 20 49.2 | 90.6 | 84.7 | 90.4 | 97.6 | 97.9 | 88.9 259 | 84.5 | 77.0 | 78.2 | 90.0 | 91.9 | 79.7 | 65.2 28
d 30 16.5 | 89.2 | 77.1 | 78.7 | 95.4 | 97.6 | 82.7 18.0 | 83.2 | 75.3 | 75.0 | 93.0 | 95.2 | 794 | 63.1 197
II 40 3.4 85.2 | 71.6 | 73.9 | 92.7 | 98.8 | 78.6 9.4 81.6 | 73.7 | 73.3 | 93.2 | 98.2 | 78.7 | 66.1 102
M 10 51.7 | 92.0 | 85.9 | 86.6 | 97.3 | 94.3 | 88.7 || 28.0 | 86.2 | 78.5 | 83.6 | 84.1 | 84.6 | 78.5 | 63.6 | 102
o 20 37.7 | 91.6 | 80.5 | 84.7 { 95.7 | 98.0 | 86.0 26.0 | 86.0 | 77.2 | 77.4 | 90.6 | 93.3 | 80.3 | 68.3 50
30 25.9 | 87.6 | 75.5 | 77.5 | 96.3 | 98.5 | 82:9 || 18.6 | 84.5 | 74.1 | 76.7 | 92.9 | 96.4 | 80.2 | 66.5 35
III 40 22.8 | 83.0 | 75.3 | 75.1 | 94.9 | 97.8 | 80.8 17.7 | 84.7 | 73.3 | 73.6 | 92.5 | 95.6 | 79.0 | 64.2 25

C. Model 11l several experiments. The stability of this choicet dfas been
Here, as in Model II, a factoW = f/,,/(3, f..) is used verified for different datasets. The performance of the fuzzy
to indicate the importance of a rule for a particular clad®3: extracted rules and the knowledge-encoded MLP’s are

¢ among all rules determining the whole network. But thBrovided in each case.

scheme for mapping weight?, depends on the importance Itis generally observed,_from Tables I and I_V, Table VI, Fh_at

of feature 4; in the corresponding decision tree. Whildhe value ofl" decreases with an increase in size of the training

constructing the tree, the feature associated with a noded@a. This is because an increase in training set-size results in

chosen on the basis of maximum information gain. Hence tReiree of greater depth, with an increased possibility of larger

attributes/features ought to be given weightage in descenditigmber of unresolved nodes, leading to a lower valu& by

order of their appearance in the decision tree. Consider Fig.(82)—(13). In generakases a, c, @fuzzy entropy by (8)—(10))

We note that the attributes are selected in the ofderM;, are found to perform better thaase 5] andcase f(classical

L3 for class C;. So the weightw?, is assigned a value entropy).

((2[Cardrg;) — i + 1])/(Carc{rki)[CaFdrki) +1])W. It is The fuzzy ID3 (Tables | and IV, Table VII) is used to ex-

to be noted that tract rules (Tables Il and V, Table VIII), which are then used
for generating fuzzy knowledge-based networks (Tables Il and
VI, Table IX). The classification performance is provided for all

(23) three stages. It is observed that generally, the knowledge-based

networks result in the better performance in terms of network

size and recognition scores. This is natural since the crude do-

main knowledge is encoded and further refined here, in the pres-

ence of training data.

Cadr)) g (card(r) — i + 1]

; Cal’d(’l‘ki) [Card(rki) + 1]

W =Ww.

An example illustrating this scheme is provided in Fig. 6.

V. IMPLEMENTATION AND RESULTS A. Vowel Data

The system was implemented on three sets of real-life dataHere we present some results demonstrating the effective-
viz, Vowel data (available in http://www.isical.ac.in/~sushness of the fuzzy ID3 algorithm on a set of 871 Indian Telugu
mita/patterns), and th@/isconsin breast canceand Balance vowel sounds [29], collected by trained personnel. These were
scaledata [28]. Different sizes of training sets are selected attered by three male speakers in the age group of 30 to 35
random and, in each case, the remaining data is kept asidg/@ars, in a Consonant-Vowel-Consonant context. The data set
the test set. All results are averaged over 40 runs. The threshwdd three featured;, F> and F3 corresponding to the first,

t for pruning a node of the decision tree is set at 0.2 aftesecond, and third vowel format frequencies obtained through
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TABLE IV TABLE V
PERFORMANCE OFFUZzzY ID3 ON CANCER DATA QUANTITATIVE MEASURES FOREVALUATING RULES IN CANCER DATA
Train Recognition scores (%) Case | Train | Accuracy User’s Kappa | Confusion | Coverage
Case | set Training Testing T set (%) | (%) | Accuracy (%)
%) 1 7 | Net 1 5 | Net 10 89.19 89.19 0.82 145 1.00
> 20 86.25 86.25 0.72 1.50 1.00
10 | 993 | 70.9 | 89.9 || 94.6 | 66.7 | 84.7 | .95 e | 30 | sso 86,01 076 | 150 100
20 1000 | 74.8 [ 914 || 99.6 | 68.0 | 88.4 | .94 40 84.73 84.73 0.70 1.48 1.00
a 30 |100.0 | 72.6 | 90.4 || 100.0 | 64.5 | 87.3 | .94 50 86.55 86.55 0.75 1.50 1.00
40 | 100.0 | 73.5 | 91.0 || 100.0 | 67.9 | 88.7 | .94 10 82.06 82.06 0.54 1.50 1.00
50 | 100.0 | 72.0 | 90.2 || 100.0 | 71.8 | 90.1 | .94 20| 8946 89.46 077 | 150 100
b 30 90.33 90.33 0.79 1.50 1.00
10 | 975 | 96.5 | 96.8 || 96.5 | 90.0 [ 94.2 | 51 0 | ssos 85.95 o7 | 150 1,00
20 100.0 { 93.9 | 97.8 || 99.4 | 84.2 | 94.0 | .51 50 90.58 90.58 0.79 1.50 1.00
b 30 100.0 | 93.0 | 97.6 || 100.0 | 85.1 | 94.9 | .51 10 90.22 90.22 0.76 1.55 1.00
40 |100.0 | 92.8 | 97.4 || 100.0 | 86.3 | 95.1 | .51 20 93.64 93.64 0.84 1.57 1.00
50 | 100.0 | 95.0 | 98.2 || 100.0 | 85.6 | 94.8 | .51 ¢ | 30 | %030 90.30 074 | 152 100
40 90.22 90.22 0.76 1.52 1.00
10 | 982 931|965 | 964 |833|91.8 .96 50 | 8675 86,75 060 | 148 100
20 99.8 |1 93.0 | 97.5 || 100.0 | 83.9 | 94.3 | .96 10 93.90 93.90 0.85 1.57 1.00
c 30 99.2 | 914|966 | 99.8 | 91.9 | 97.0 | .97 20 91.58 91.58 0.79 1.50 1.00
40 | 100.0 | 92.6 | 97.4 || 100.0 | 91.1 | 96.9 | .96 d 30 90.81 90.81 0.77 1.50 1.00
50 | 100.0 | 95.1 | 98.3 || 100.0 | 90.7 | 96.7 | .96 40| 9146 91.46 080 | 152 100
50 87.63 87.63 0.73 1.50 1.00
10 974 |1 90.5 | 95.1 94.0 | 85.8 1 91.1 | .96 10 87.35 87.35 0.76 1.48 1.00
20 99.6 [ 93.3 975 99.5 | 84.8 | 94.3 | .96 20 83.49 83.49 0.67 1.48 1.00
d 30 100.0 | 93.2 |1 97.6 || 100.0 | 90.6 | 96.6 | .96 e 30 86.91 86.91 0.76 1.50 1.00
40 | 100.0 | 92.9 | 97.6 || 100.0 | 92.4 | 97.3 | .96 40 86.65 86.65 0.76 1.50 1.00
50 | 100.0 | 92.6 | 97.5 || 100.0 | 89.2 | 96.1 | .96 50 | 8068 80.68 060 | 145 100
10 85.95 85.95 0.73 1.55 1.00
10 984 | 67.5 | 87.8 | 96.0 | 79.3 | 90.2 | .96 2 86.88 86.88 0.74 1.50 1.00
20 99.0 | 66.2 | 87.4 || 95.8 | 81.4 | 90.7 | .96 f 30 85.00 85.00 0.70 1.48 1.00
e 30 99.1 | 65.7 | 87.3 || 97.6 | 71.7 | 88.4 | .96 40 87.22 87.22 0.76 1.50 1.00
40 | 988 | 67.4|88.0 965 | 86.3 | 92.8 | .96 50 87.06 87.06 0.72 1.50 1.00
50 98.9 | 66.2 | 87.2 || 97.7 | 73.8 | 89.4 | .96
10 95.6 | 66.5 | 86.7 || 87.5 | 83.7 | 86.2 | .95
20 960 | 70.7 | 878 | 92.4 | 84.1 | 895 | .95 The various quantitative measures are computed in Table I
30 6.0 | 687 | 870 Il 025 | 846 | 808 | o5 for the rules generated itases af. TheUser’'s Accuracyand
f ) ) ; ) ’ i Kappaof the rules is approximately greater than 80% and 0.8 re-
40 | 954 | 703 | 86.5 || 92.8 | 86.8 | 90.7 | .94 spectively forcases @ndd. Hence the fuzzy entropy of (9)—(10)
50 | 95.1 [ 704|864 | 93.1 | 874|912 .94 result in better accuracy. Theoverageis poorer forcases e,

f, while the Confusionis found to be lower incase e Thus
the fuzzy measure of (11) leads to a smaller number of classes
between which confusion (misclassification) occurs, at the ex-
spectrum analysis of the speech data. Fig. 7 shows a 2D projﬁgnse of poorecoverageof classification.
tion of the 3D feature space of the six vowel clas8es, i, u, A comparative performance of the knowledge encoded
e, oin the F-F; plane, for ease of depiction. The boundariemLp’S, using mapping schemes afodels HIl with fuzzy
of the classes in the given data set are ill-defined (fuzzy). measures otase aat node level, and the conventional MLP
Table | provides the recognition scores (%) dndralues for (g encoding) are provided in Table IlI. Six hidden nodes are
the differentcases af of (8)—(11) and (1), over both the trainingysed in the network. It is observed that the knowledge-based
and test sets. Itis observed that fuzzy 1D3 with the entropy meg@t P encoded bymodel 111 [(23)] provides higher recognition
surea gives the best generalization performance, in terms &fores over test set. All three knowledge-encoded models are
score (%), over the test set. On the other ha@ade dgives the of smaller size and require less number of training cycles. This
highest values fof’ followed bycases @nda. This implies that implies that consideration of the frequency of samples and the
the entropy term of (10) generates a tree of least overall depthsribute depths in the decision tree, during mapping, retains
followed by those of (9) and (8) respectively. more meaningful information for neural net design.
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TABLE VI TABLE VIl
COMPARATIVE PERFORMANCE OFKNOWLEDGE-ENCODED MLPS FOR PERFORMANCE OFFUZzzY ID3 ON BALANCE DATA
CANCER DATA
Train Recognition scores (%)
Train Recognition scores (%) No. No. Case | set Training Testing T
set Training Testing of of (%) 1 9 3 Net 1 9 3 Net
") | 1 2 | Net ) 1 | 2 | Net]links | cycles 10 |924|73.9|89.6|89.8 849767746794/ .81
10 | 989 99.8 [99.2 | 97.0 |95.0)96.3 | 29.7 | 21 20 | 89.7|76.0 | 83.7 | 86.0 || 84.6 | 81.2 | 76.7 | 80.7 | .78
MLP 20 [ 986 | 96.5 | 97.9 || 96.8 | 95.1 | 96.2 | 32.5 26 a 30 |86.1|853|796|832]| 821|864 788]|80.9].78
30 984 99.0 | 98.6 || 96.7 | 96.1 | 96.5 | 33.4 26 40 86.4 | 83.0 | 81.8 | 84.1 || 82.3 | 85.8 | 79.4 | 81.1 | .78
40 984 | 984 | 984 | 97.0 | 949 | 96.3 | 38.0 44 50 833 (849 | 79.8|81.9 | 80.2 | 85.6 | 78.7 | 79.8 | .76
10 98.6 | 100.0 | 99.1 || 96.7 | 96.8 | 96.7 | 32.2 32 10 96.1 | 71.0 | 91.6 | 92.4 || 86.8 | 68.9 | 75.7 | 80.2 | .52
Model | 20 | 988 | 99.8 |99.2 | 96.9 [ 955 | 96.5 | 31.5 | 33 20 | 92.6 | 70.7 | 81.2 | 856 (| 83.6 | 73.7 | 70.9 | 76.9 | .52
I 30 984 | 99.3 1987/ 96.8|93.1]955 | 34.6 57 b 30 85.4 1806|739 )79.7 | 8.9 |(76.0]|722]| 766 | .52

40 | 833 (812706773 79.3|78.6|69.3 | 74.7 | .52
50 | 815|849 |653|74.3 | 76.4 | 89.6 | 62.3 | 70.9 | .52
10 [95.6 | 76.8 | 86.9 | 90.1 || 83.6 | 69.8 | 67.9 | 75.2 | .52
20 925|777 | 775 | 84.5 || 86.2 | 64.5 | 68.1 | 76.0 | .52
c 30 |87.8|851 723|806 8.1|63.8|682] 759 /|.52
40 81.9 | 83.4 | 69.3 | 76.1 || 82.3 | 75.7 | 65.0 | 73.9 | .52

40 | 98.7| 98.5 | 98.6 || 96.8 | 949 | 96.1 | 36.8 81
10 {983 99.6 | 98.8 || 96.7 | 95.6 | 96.3 | 33.0 28
Model | 20 | 98.3 | 99.4 | 98.6 || 96.9 | 95.6 | 96.5 | 36.6 32

II 30 1982 99.3 |98.6 | 96.7]95.6 | 96.4 | 38.8 57
40 [98.2 | 98.7 | 984 | 969 | 944 | 96.0 | 38.3 80

10719831 100.0) 98.9 ) 96.8 | 90.3 ) 96.6 ) 313 | 28 50 | 799|829 | 686|751 786 |86.4 | 622 | 717 | 52
Model | 20 | 983 | 99.9 | 98.9 | 96.6 | 96.3 | 96.5 | 31.8 | 32 o Tooa 722 o1 505 T533 1770 720 776 | 52
U | 30 |984| 99.0 |98.7 | 966955962338 | 57 o0 lors | 770 | 706 | 852 | sao | 634 | 705 | 764 | 52
40 [ 986 | 984 | 985 | 972945962 ] 365 | 81 d | 30 |s22]|s855|742| 789 823|721 704|759 52

40 | 81.6|84.4|70.5 766 ) 819|739 |66.5| 74.1 | .52
50 784 | 85.6 | 65.4 | 73.0 || 76.8 | 84.5 | 65.9 | 72.4 | .52

B. Wisconsin Breast Cancer Data
10 |61.8{50.0|80.0 711 75.6 | 32.0 | 61.4 | 65.4 | .75
The Breast Cancedata [28], [30] consists of 699 patterns 20 17951262 555|647 741|356 | 66.5 | 67.5 | .71
with nine input features, corresponding to cytological charac , | 3y | 700|458 | 73.4 | 69.8 || 70.2 | 42.1 | 71.8 | 68.7 | 70
teristics of human breast tissuedz., Clump Thickness, Uni- 40 | 7071201726685 695 31.8 1 706 | 67.0 | .68
fc.)rm|t%/.of ICTE” Stlhzel LlJnclf?lrglty oéCelll\ISh?peé:\/laggg\r?l Adht?' 50 | 714|304 734|692 676342761685 .60
sion, Single Eprtnelial Lell Size, bare UCiel, bian romatin, 10 | 64.6|46.0 | 80.0 | 71.0 || 64.3 | 46.9 | 66.5 | 63.8 | .75

Normal Nucleoli and Mitosedyaving continuous values in the
range [1, 10], for two output classBgnignandMalignant(re-
ferred to as 1 and 2 in the sequel). Two hidden nodes are usi
for network mapping.

Tables IV-VI provide the different results. Itis observed from
Table IV that entropy measuresandd lead to the best overall
performance, both in terms of recognition scores @nealue,
followed bycases @ndf. In this aspect, itis analogous to Table hymeric attributes corresponding to taé weight, left distance,
where the fuzzy entropy of (9)—~(10) perform better. Althoughght weightandright distanceand three output classes, viip,
the classification performance ofse bis higher thana (its  right, tip left andbalanced(referred to as 1, 2 and 3 in the se-
pruned version), the value df is poor in the former. This is quel). We use three hidden nodes during network mapping.
natural since a pruned treease g has a lower depth and hence ' Taples VII-IX provide the various resullts. It is observed from
h|gheﬂ—1 Asin Table ”, here Table V demonstrates that the rul%tﬂe VIl that the entropy measumprovides the best results
generated ircases @ndd have higher overalhccuracy Itis  in terms of recognition scores over test set, dhdalueCases
interesting to note that th@overgefor classification of the rules e andf provide moderate values f@ (around 0.7), but have
is perfect in all cases. It is seen from Table VI that, here, theggorer recognition scores (less than 70%). On the other hand,
is no significant gain in using knowledge-encoded MLP'’s. Thigases b, dand ¢ have moderate classification performance
is perhaps because the 22 x 2 network does not have much(around 75%) at the expense of very low valuesfoHence
scope for improvement with only two hidden nodes involveghe fuzzy entropy of (8)-(10) provide better classification.
and there already exists reasonably good classification priorfigole VIil shows that the rules extracteddase ahave better

20 | 64.0|48.7|69.8 | 65.7 || 66.9 | 51.5 | 72.1 | 68.1 | .72
f 30 |68.3|40.0(76.0(69.6 | 69.046.0 | 72.6 | 68.8 | .72
40 |[68.8 (389|743 69.0| 66.2 452|764 |69.1]|.70
50 69.3 | 39.2 | 80.9 | 72.7 || 65.7 | 39.2 | 75.9 | 68.2 | .70

the MLP tuning. overall performance in terms ofccuracy and Coverage
while the Confusion in misclassification is maximum for the
C. Balance Scale Data unprunedcase b It is seen from Table IX that, in general, the

The Balance scale data [28] consists of 625 instances gerarewledge-encoded MLPs fare better than the conventional
ated to model psychological experimental results. There are fddLP in terms of both size and training time.
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TABLE VI
QUANTITATIVE MEASURES FOREVALUATING RULES IN BALANCE DATA

Case | Train | Accuracy User’s Kappa | Confusion | Coverage
set (%) (%) Accuracy (%)
10 84.76 91.72 0.87 1.73 0.92
20 78.80 89.93 0.85 1.65 0.86
a 30 75.48 88.93 0.83 1.80 0.83
40 76.26 89.15 0.84 1.85 0.84
50 73.44 88.62 0.84 1.77 0.80
10 86.13 97.41 0.96 2.38 0.88
20 77.06 98.47 0.97 2.62 0.77
b 30 70.13 99.75 1.00 2.93 0.70
40 66.04 99.60 0.99 2.92 0.66
50 62.34 100.00 1.00 3.00 0.62
10 81.78 89.37 0.83 1.78 0.90
20 77.04 90.34 0.85 1.68 0.84
¢ 30 73.96 88.70 0.83 1.75 0.81
40 74.14 87.71 0.81 1.58 0.82
50 73.37 85.98 0.79 1.68 0.83
10 73.94 87.01 0.81 1.52 0.82
20 77.12 89.68 0.84 1.68 0.84
d 30 74.52 87.98 0.81 1.60 0.82
40 74.10 88.65 0.84 1.70 0.81
50 73.94 87.01 0.81 1.52 0.82
10 67.51 71.78 0.53 1.36 0.91
20 78.92 88.45 0.82 1.70 0.87
e 30 75.59 89.20 0.84 1.75 0.83
40 74.68 87.90 0.83 1.77 0.83
50 74.36 87:30 0.82 1.80 0.83
10 78.00 89.08 0.83 1.72 0.85
20 77.49 88.34 0.83 1.70 0.86
f 30 75.86 88.42 0.83 1.70 0.84
40 73.17 88.18 0.83 1.82 0.80
50 67.51 71.78 0.53 1.36 091
TABLE IX

COMPARATIVE PERFORMANCE OFKNOWLEDGE-ENCODED MLPS FOR
BALANCE DATA

Train Recognition scores (%) No. No.
set Training Testing of of

(%) 1 2 3 | Net 1 2 3 Net | links | cycles
10 | 99.6 | 880 988|983 909|156 | 862|828 | 46.2 | 309
MLP 20 [97.0]353|97.2|91.8] 952|123 927|875 | 47.8 | 331
30 97.6 | 26.8 | 96.5 | 91.8 || 96.2 | 14.3 | 91.9 | 87.8 | 484 307
40 [979 2831959913 972|102 935|886 | 471 | 312
10 | 985|644 976|950 || 87.8 | 17.0 | 83.6 | 82.6 | 38.7 | 277
Model | 20 | 97.8|382|97.0|928 | 948|154 | 92.6 | 87.4 | 36.2 | 272
I 30 [98.1]268|96.591.297.0| 7.1 | 942|887 | 37.9 | 252
40 | 982|148 973|913 968 | 8.6 |94.3|888 | 383 | 247
10 | 983645932927 | 980|263 (963|913 384 | 277
Model 20 97.4 | 374 | 97.1 | 92.0 || 98.0 | 19.7 [ 97.1 | 91.2 | 38.0 272
I 30 981|179 |94.5|90.5 | 96.0 | 12.7 | 92.9 | 83.0 | 384 | 252
40 | 975|158 |97.0|91.0 | 96.3 | 151 | 93.6 | 88.6 | 40.4 | 247
10 97.6 | 63.2 | 99.0 | 94.8 || 88.1 | 11.8 | 89.7 | 82.7 | 39.4 277
Model 20 971|372 (959|919 | 943 | 18.1 | 91.9 | 87.3 | 37.0 272
111 30 98.1 1 20.6 | 95.7 | 91.3 || 96.0 | 18.5 | 94.1 | 89.1 | 35.7 252
40 | 97.6|18.1{94.090.0 | 97.1| 9.3 | 93.8 | 83.9| 388 | 247
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Fig. 7. Vowel diagram inF; -F, plane.

VI. CONCLUSIONS ANDDISCUSSION

Some issues related to the design of a fuzzy knowledge-based
network, based on linguistic rules extracted from a fuzzy deci-
sion tree, have been dealt with in this article. Major contribu-
tions include

1) developing a new scheme for automatic linguistic dis-
cretization of continuous attributes using quantiles;

2) introducing the novel concept of a quantitative measure
T to evaluate the goodness of the decision tree, in terms
of its compactness and performance;

3) evaluating quantitatively the extracted linguistic rules
with some new indices;

4) mapping the linguistic rules to a fuzzy knowledge-based
network, incorporating frequency of samples and depth
of attributes in the decision tree;

5) using new fuzziness measures at node level of the tree,
to handle overlapping classes.

Effectiveness of the system has been exhaustively demon-
strated on three sets of real-life dataz., Vowel, Wisconsin
Breast CancerndBalance scaleKnowledge encoding using
linguistic rules extracted from the fuzzy decision tree generally
enhances the performance of the knowledge-based system in
terms of both network compactness and recognition scores.
It is typically observed that the value & decreases with

an increase in size of the training data. This is because an
increase in training set size leads to the consideration of a larger
number of both noisy and good samples during the decision
tree generation. The former influences the formation of a tree
of greater depth, with an increased possibility of larger number
of unresolved nodes, leading to a lower valu&ofin general,
cases a, ¢, ffuzzy entropy at node level of tree, by (8)-(10)]
performs better thacase €25] andcase f(classical entropy).

The automatic fuzzy partitioning of the feature space to over-
lapping linguistic terms has been made using quantiles. One can,
of course, introduce more partitions corresponding to each fea-
ture. It was observed that in addition to increasing the computa-
tional complexity, this does not always induce a higher accuracy.
Increasing the granulation/partitioning at certain seleutist-
estingregions of the feature space however, is an issue currently
being investigated.
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