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Abstract As expert knowledge and knowledge hidden in data
are complementary, combining these two approaches

This work proposes a new method in order may lead to more accurate systems. To make the

to simplify linguistic knowledge bases. The
main goal consists of improving simultane-
ously accuracy and interpretability when it
is possible, or at least ensuring a good trade-
off between them, as well as consistency of
the nal knowledge base. Itis used with lin-
guistic rules which can be de ned by expert,
induced from data, or both of them. The
simpli cation process is applied to the well
known wine classi cation problem. The re-
sults are encouraging.
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cooperation ef cient, induced rules must be as inter-
pretable as expert rules are. The three conditions for
a rule base to be interpretable have been stated in [3]:
interpretable fuzzy partitions, a small number of rules,
incomplete rules for large systems.

The cooperation framework has been proposed in [4].
The process consists of three different steps: de ning
a common universe for each of the variables according
to both expert knowledge and data distribution, then
inducing rules from data, and nally integrating the
induced rules into the expert knowledge base.

During this last step, the fundamental properties of a
rule base have to be guaranteed. This communication

deals with the simpli cation process of the rule base.

The goal is to design incomplete, more general, rules
while checking coherency and avoiding redundancy
in the nal rule base. Thanks to the common universe

~ rule comparison can be done at the linguistic level.
The strength of Fuzzy Inference Systems (FIS) relies

on their twofold identity: on one hand they are able Building more general rules, as expert rules usually
to handle linguistic concepts; on the other hand they2'®: Makes the system more robust and more inter-
are universal approximators able to perform non lin-Pretable. The aim is not only to nd a balance be-
ear mappings between inputs and outputs. These twihyveen accuracy ar_ld interpretability [5] but to improve
characteristics have been used to design two kingQ0th at the same time.

of FIS. The rst kind of FIS to appear focused on The structure of the paper is as follows. Section 2
the ability of fuzzy logic to model natural language offers a perspective of the overall process and it ex-
[1]. These FIS contain fuzzy rules built from expert plains how to evaluate the quality of the knowledge
knowledge, they can be seen as a fuzzy extension dbase. Section 3 describes how to reduce the data base.
expert systems. Sugeno [2] was one of the rst to pro-Section 4 explains how to simplify the rule base. Sec-
pose self learning FIS and to open the way to a seconglon 5 shows the application of the simpli cation pro-
kind of FIS, those designed from data. As this eld of cess to a well-known problem of wine classi cation.

fuzzy logic has become very popular, a lot of methodsFinally, section 6 offers some conclusions.
are available [3].

knowledge.

1 Introduction



2 Knowledge Base Simpli cation Process knowledge base. Figure 2 shows a schematic dia-

gram of the knowledge base simpli cation process.
Fuzzy knowledge bases used are highly interpretabldt is a cyclical process. Depending on the original
In order to guarantee this interpretability, two aspectsknowledge base, the whole process could involve
are considered, one for each part of the knowledgeseveral iterations as data base reduction affects to rule
base: base simpli cation and vice versa.

1. Data base The use of strong fuzzy partitions Original Knowledge Base
[6] satis es semantic constraints on membership
functions in order to respect semantic integrity
within the partitions. As a result, all the fuzzy
sets for each variable are interpretable as linguis-
tic terms.

Data Base Reduction -
I

Rule Base Simplification  ----- :

Simplified Knowledge Bas%
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Figure 2: Knowledge Base Simpli cation

Figure 1: A Strong Fuzzy Partition

2.1 Knowledge Base Quality

Figure 1 shows a strong fuzzy partition with 5 _ _ o _
terms. In this kind of partitions, all fuzzy sets are This subsection explains the criteria for evaluating

satisfy next conditions: put:

SE 2 performance For regression cases, it is de ned
8x 2 U: 1a(x)=1 1) as the root mean (_)f sum of squ_ared errors (eq.3).

: And for classi cation cases, it is de ned as the
number of misclassi ed items (eq.4).

i=1

8A; 9x; 1 A (X)=1 (2) v
u
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whereU is the rangeF is the number of terms Perf = N g viii? )
and? , (x) is the membership degreefo the i=1
A; fuzzy set. W ( .
Perf =  %; s=1 10 98y (4)
2. Rule base The use of a small number of linguis- o 4 =0 otherwise

i=1
tic rules helps to express the behavior of the sys-
tem in an understandable way. Fuzzy linguistic > Coverage Percentage of examples from data

rules are of form “If condition Then conclusion” that res at least one rule with a degree higher
where both, the premise and conclusion use lin- than¢ .

guistic terms. 2 Max error: Maximum difference between ob-
served and inferred value.
The main goal of the simpli cation process is to
achieve a more compact knowledge base, with arhese indexes are expected to convey complementary
smaller size in order to increase interpretability [7], information. A good knowledge base should maxi-
but without getting worse accuracy of the original mize the coverage and minimize the error indexes.



Also, in classi cation cases, two more parameters areOR combination is restricted to neighboring terms in

taken into account: order to ensure that the aggregated fuzzy set is convex.
2 Error cases Number of covered cases from data Table 1: Linguistic terms.
set that produces error, i.e. observed and inferred Number Name Figure
values are different, in inference. % ﬁl
2
2 Ambiguity cases Number of covered cases 2 23
. . . . 4
from data set that produces ambiguity, i.e. dif- 5 As
ference between two different classes is smaller 6 NOT(A1)
than an established threshold, in inference. 7 NOT(A2) = Smaller than A2 OR
Bigger than A2
8 NOT(A3) = Smaller than A3 OR
If there are data available and the simpli cation pro- Bigger than
cess involves a modi cation in the knowledge base, its| 2 NOT(A‘%EJSQ?”EHRZ"” A4 OR
quality is evaluated in order to con rm or discard the 10 NOT(As)
change. Modi cations will be saved, only if quality 11 A1 ORA;
doesn't get worse, i.e. on one hand coverage doesn't__12 Az ORA3
d d on the other hand perf = fo QR
ecrease, an on'_[ elot er hand performance, max ef—z A, ORAs
ror, error and ambiguity cases don't increase. 15 A; ORA; ORA;
o 16 A, ORA; ORA;
If there are no data, then the simpli cation process 17 A; ORA, ORAsS
is made only at linguistic level, without checking the
quality of knowledge base. This reduction process includes next steps:
3 Data Base Reduction 1. Look for variables which are used by none of the

rules and propose to remove them.
Data base comprises variable de nitions, i.e. quali-
tative and quantitative information about variable be-
havior. Itincludes partition de nition for each input or
output, as well as semantic meaning of each linguistic 3. Look for adjacent labels which are always used
term related to each fuzzy set. together and propose to merge them into a new
one.

2. Look for labels which are used by none of the
rules and propose to remove them.

The fuzzy partition includes only basic labefs
which correspond with elementary fuzzy sets. Nev—R
ertheless in the rule description they can be combine%
using OR and NOT for building composite linguistic
terms. The implementation of OR and NOT operators
is explained in [8]. The OR composite labels are de-
ned as the convex hull of the combined terms. And |f gne label is used by none of the rules, then it can
the NOT composite labels are de ned by equation 5.pe removed. However, in order to keep a strong fuzzy
Note that AND is not used for building composite la- partition, adjacent fuzzy sets are expanded. The right
bels because of the result would be a subnormal fUZZY)oundary of the prior fuzzy set and the left boundary
set while we always work with strong fuzzy partitions. of the subsequent one are moved up to the center of
the other. For instance, gure 3 shows how the par-

( tition in gure 1 is modi ed after deleting the label
A1 OR ¢¢WR Aj; 1 = Smaller than A A
Aiss OR CCWOR A, = Bigger than A 2:

©) Deleting a label which is used by none of the rules
For example, for one partition with 5 labels ( gure 1), comes to expand adjacent fuzzy sets. This makes
the user can choose between the linguistic terms ofhe control surface of the fuzzy inference system
table 1 inrule de nition. As it can be seen in this table, smoother.

emoving or merging labels change elementary fuzzy
ets of given partitions as explained below.

3.1 Remove Labels

NOT (Ai) )



Rules can be de ned by expert or induced from data.
Rule nature is taken account into the simpli cation
process and in case of conict expert rules are our
priority.

The overall reduction process involves two steps. First
the Simplify RB procedure is applied in order to re-
move redundant rules. Second the Merge RB proce-
dure is used for building more compact and general
rules.

Figure 3: Partition once removing lab&}p in gure 1

3.2 Merge Labels

Labels which are always used together, can be4'1 Simplify RB

grouped in only one label. The algorithm makes aa consistency analysis [9] of the knowledge base is

linguistic analysis of the rule base in order to nd out ,5de in order to detect redundant rules to remove:
which labels are used for each variable in at least one

rule. When a composite label is used but its com-
ponent labels are not, neither alone nor in another
composite label, then the merger of component labels
is proposed. Merge labels at this level implicates to

2 Rules with the same premise and the same con-
clusion. Remove one of them.

2 The input space covered by one rule is included

modify the fuzzy partition de nition. The number of

labels is decreased and a new label with trapezoidal
or semi trapezoidal shape substitutes to the old com-
ponent labels. Figure 4 shows an example about how

into the one covered by the other, and both rules
have the same conclusion. The most speci c rule
is removed, but only if it is an induced rule, or it

is an expert rule and the most general rule is an

partitions change through merging labels. Partition in
gure 3 is modi ed after merging basic labels, and
As. Note that nal partition is a strong fuzzy partition 4.2 Merge RB
too.

expert rule too. Expert rules have priority.

A linguistic analysis of the rule base is made in or-
der to detect rules that can be merged. Two rules can
be merged if they are of the same nature (expert or
induced rules) and also satisfy next condition: they
have the same conclusion and their premises can be
merged, i.e. there must be a composite linguistic term

Figure 4: Partition once merging labéls andAs in equivalent to the merger of both labels.

gure 3 The procedure for merging rules follows next se-
quence of steps, which are repeated until the whole

rule base is analysed:

4 Rule Base Simpli cation

1. Evaluate quality of knowledge base.
Rule base comprises linguistic rules. Rule premises
are made up of couples input variable - linguistic term,
where the absence of an input variable in a rule means 3. Generate a temporal copy of the knowledge base.
that the variable is not considered in the evaluation of ,
the rule. On the other hand, rule conclusions are made
up of couples output variable - linguistic term, where
the absence of an output variable means that this rule
doesn't concern that output variable. For each input 6. If (new quality isn't worse than old quality) Then (changes
variable, the user can choose between basic labels or in knowledge base are saved) Else (changes are discarded).
composite labels (by using OR/NOT operators).

2. Look for two rules which can be merged.

Substitute both rules by the merger rule in the temporal
knowledge base.

5. Evaluate quality of temporal knowledge base.

7. Goto 2.



In order to merge two rules, it is needed to analyse theMerging rules changes rule base con guration, but
premise part of the rules. There is no problem withit doesn't modify the fuzzy partitions in data base.
the conclusion because it is the same in the mergeNevertheless, as a result of Merge RB process, com-
rule and in the original rules. However, for each input posite labels could appear in the premise part of the
the premises of original rules have to be comparedrules. To modify the fuzzy partition, the user has to
If both premises are the same, then this is the mergerun again the Data Base reduction process as shown
rule premise. But, if premises are different, then a newin gure 2 by the dashed line.
premise has to be built as merger of both. Consider-
ing the two types of labels (basic or composite with5  Application results
NOT/OR) used, there could be six situations:

The simpli cation process was tested with its applica-

2 Two adjacent basic labels. tion to a well-known problem of wine classi cation.
The data set contains 178 instances which have been
randomly divided into 2 different subsets at 50%-
50%, one for learning and the other for testing. These
2 One basic label and its respective NOT Compos_data ar_e the results of _a chemical analysis of wines
ite label. grown in the same region in Italy but derived from

three different cultivars. The analysis determined the

— New premise is the universal set, i.e. this quantities of 13 constituents found in each of the three

condition will be always true. types of wines. Therefore, the knowledge base in-

: . cludes 13 input variables and 1 output.
2 One basic label and one NOT composite label re- P P

garding to a different basic label. For each input variable, a regular strong fuzzy parti-
tion with 5 fuzzy set was built in the variable range.
- If (nu_mbgr of Iabel_s equals two) Then (new Afterwards, with the previously de ned regular par-
premise is the basic label). titions and the learning data set, rules were induced
— Else (new premise is the NOT composite la- from data. Finally the simpli cation process was
bel). applied over the resultant knowledge base.

— New premise is an OR composite label
which includes both basic labels.

2 One basic label and one OR composite label. Two methods were used in order to induce rules:
Wang and Mendel (WM) [10] and Fuzzy Decision
: . Trees (FDT) [11]. Let us underline that our contribu-
composite label) Then (new premise is the .. , :
. tion doesn't rely on such algorithm development but
OR composite label). . . T
in showing simpli cation results. Please refer to the

— Else if (both labels are adjacent) Then (new gjteq jiterature for a complete description.
premise is a new OR composite label that

includes both labels).

— If (the basic label is included into the OR

Table 2: Simpli cation results over test data set.
Method Rules | Labels | Error Ambiguity Coverage

2 0One NOT composite label and one OR compos- Cases | Cases %)
i 1 el 1 - WM 89 65 1 1 47
!te label which is included into the NOT compos L . > : 2 o
ite label. FDT 99 65 3 Z 98

FDT +S 28 47 1 8 100
_ i i i FDT + P 57 65 7 4 97
New premise is the NOT composite label. T ErE 2 - 3 00

2 Two OR composite labels.
Table 2 gives the main results. Three cases were

— If (one label is included into the other on€) gy gied: induced rules with WM and the simpli ca-
Then (new premise is the biggest OR com- o (WM + S), induced rules with FDT and the sim-
posite label). pli cation (FDT + S), induced rules with pruned FDT

— Else if (both labels are adjacent) Then (new (FDT + P) and the simpli cation (FDT + P + S). In all
premise is a new OR composite label which cases, the nal knowledge base is more compact, with
includes both labels). a smaller number of rules which are more general,



and a smaller number of labels. As a result, the nal [3] S. Guillaume. “Designing fuzzy inference sys-
knowledge base is more interpretable, but also more  tems from data: an interpretability-oriented re-
accurate than initial one, with a larger coverage anda  view". IEEE Transactions on Fuzzy Systems
smaller number of error cases. Note that errorandam-  Vol. 9 (3), pp. 426-443, June 2001.

biguity cases are measured in relation to the covered

examples. [4] S. Guillaume and L. Magdalena. “Expert guided

integration of induced knowledge into a fuzzy
knowledge base”.Soft Computing In Press,
2005.

Previous work [9] presented an approach to build 5] 3. casillas, O. Cordon, F. Herrera, and L. Mag-
fuzzy inference systems through using both, expert dalena. “Interpretability improvements to nd

and induced knowledge, by focusing in the inter- the balance interpretability-accuracy in fuzzy
pretability. This paper describes a simpli cation pro- modeling: an overview”. In [7].

cedure for linguistic knowledge bases, whose aim is
not only to nd a balance between accuracy and in- [6] E. H. Ruspini. “A new approach to cluster-
terpretability but to improve both at the same time. ing”. Information and Contral Vol.15, pp. 22-
That was illustrated with the well-known wine clas- 32. 1969.

si cation problem, where the nal knowledge base is
more compact and transparent, but also more accurat
than initial one. The whole process is implemented
in KBCT?, an open source software for generating or
re ning fuzzy knowledge bases.

6 Conclusions
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