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~ Abstract—Since the proposal of Zadeh and Mamdani’'s seminal constraints [5] have to be imposed along the whole design
ideas, interpretability is acknowledged as one of the most appre- process with the aim of producing a fuzzy system with the
ciated and valuable characteristics of fuzzy system identification required interpretability level, i.e., a system capabléeing

methodologies. It represents the ability of fuzzy systems to . .
formalize the behavior of a real system in a human understand- Understood, explicated or accounted for by a human being.

able way. Interpretability analysis involves two main points of AS a result, interpretability is usually achieved at thetaufs
view: readability of the knowledge base description (regarding penalizing accuracy. For this reason, most fuzzy systems ar

complexity of fuzzy partitions and rules) and comprehensibility puilt only paying attention to accuracy and so jeopardizing
of the fuzzy system (regarding implicit and explicit semantics niaryretability. Even in those cases, authors usualiyrctaeir

embedded in fuzzy partitions and rules, but also the fuzzy .
reasoning method). Readability has been thoroughly treated by fuzzy systems are much more interpretable than those based o

many authors who have proposed several criteria and metrics. black-box techniques, like neural networks, because they a
Unfortunately, comprehensibility has almost never been consid- based on fuzzy logic. Such kind of claims is quite questitmab

ered because it involves some cognitive aspects related to theand should be rejected because they are deceptive. Notite th
human reasoning which are very hard to formalize and to deal obtaining interpretable fuzzy systems is a matter of design

with. This paper proposes the creation of fuzzy systems’ inferese . . - .
maps, so-called fuzzy inference-grams (fingrams) by analogy which must be carefully considered to avoid producing fuzzy

with scientograms used for visualizing the structure of science. Systems so hardly interpretable that they become uselasis-bl
Fingrams show graphically the interaction between rules at the boxes from the interpretability point of view.

inferenpe level in_ terms of co-fired rules, i.e._, I’U|E‘_S fired at the  The assessment of interpretability has to face two main
same time by a given input vector. The analysis of fingrams offers issues [1]: Readability of the system description; and aemp

many possibilities: measuring the comprehensibility of fuzzy - . .
systems, detecting redundancies and/or inconsistencies among{:ens'b'“ty of the system explanation. Of course, the asialy

fuzzy rules, discovering the most significant rules, etc. Some of Nas to take into account all elements included in a fuzzy
these capabilities are explored in this initial work. system, from the lowest (fuzzy partitions) to the highesr £y

rules) abstraction levels [6].
Most previous works [7], [8] only analyze the readability of
Interpretability of a fuzzy system involves the skill of thehe designed fuzzy system. Moreover, the analysis of réladab
specific end-user who interprets its linguistic descriptidth ity usually is reduced to a basic analysis of complexity, ite
the aim of conceiving the significance of the system behaviaonsists of counting the number of elements included in the
In consequence, characterizing and assessing interpitgtabknowledge base (number of rules, premises, linguistic $erm
is a very subjective task which strongly depends on thetc). Other contributions also analyze structural progerof
background (experience, preferences, knowledge, etdheof fuzzy partitions [9] such as distinguishability, coveragad
person who makes the assessment [1]. so on. Recently, a few authors have shown the importance of
It is worthy to highlight that interpretability is a distingsh- extending the analysis of readability to evaluate the iaiipli
ing capability of fuzzy systems which is really appreciatednd explicit semantics embedded in a fuzzy system [10],
in most applications. It becomes an essential requiremghbl]. Of course, keeping a small number of linguistic terms
for those applications that involve an extensive inteacti is also appreciated due to the limits of human processing
with human beings. For instance, decision support systegepabilities [12]. Moreover, the selection of the righglirstic
in medicine [2] must be easily understandable, for boterms is essential to yield interpretable systems.
physicians and patients, with the aim of being reliable, i.e Although there has been a huge effort for defining, char-
widely accepted and successfully applicable. acterizing, and assessing interpretability in the lastade¢
Unfortunately, fuzzy systems are not interpretgie se Of there is still a lot of work to be done. Namely, the analysis
course, the use of linguistic variables and rules [3], [4pfa related to comprehensibility of the system explanation is
interpretability because of their high semantic exprésivalmost negligible. Understanding the system behavior from
close to natural language. Nevertheless, there are mafey-difits linguistic description is a very hard task that involves
ent issues which must be taken into account in order to desitpe inference level going beyond the analysis of the system
interpretable fuzzy systems. Firstly, several interpoiity structure readability.

I. INTRODUCTION



This work presents a new methodology for analyzing the Indices included in group (4) usually measure the degree of
fuzzy inference layer that may be really useful during thilfillment of semantic constraints that should be overisgmb
design process. It is mainly based on the adaptation adiring the design process. It is widely admitted that wagkin
given techniques for visualizing scientific informationttee with the so-called Strong Fuzzy Partitions (SFPs) [14] sat-
visual analysis of the inference process of fuzzy systeins.idfies all semantic constraints required to have interpteta
also introduces a new index for assessing interpretalility fuzzy partitions from the structural point of view (coveeag
fuzzy rule-based systems facing the challenge of assedsngnormalization, distinguishability, etc).
comprehensibility of the system explanation. Finally, group (3) is the one that contains fewer works

The rest of the contribution is organized as follows. Sem the literature. It comprises some indices mainly devoted
tion 1l presents some preliminaries including basic aspedb evaluate the rule base consistency. In addition, theze ar
related to interpretability assessment, a brief overviaw @nly some works [15], [16], [17] dealing with the number
existent methodologies for visual representation andyaigal of rules simultaneously fired for a given input. The novel
of fuzzy systems, and a short introduction to the most exdéndindex proposed in this paper belongs and thus will extend
techniques for designing visual science maps. Section this reduced group.
introduces the new proposed methodology. As a first ste
the general approach is particularized for the analysis
fuzzy rule-based classifiers (FRBCs). Section IV summarize There are not many papers tackling with visual analysis
the experiments carried out along with the achieved results the inference process of fuzzy systems. Most of them
Finally, some conclusions and future works are sketched ane limited to visual descriptions. Probably, this is due to
Section V. the well-known linguistic expressivity of such systems tha
gives prominence to linguistic representations. Howewvbgen
Il. PRELIMINARIES : . T

dealing with complex problems, even when the design is
A. Assessing Interpretability of Fuzzy Rule-based Systemsmade carefully to maximize interpretability, the number of

While regarding accuracy assessment it is easy to findes can become huge because of the curse of dimensionality
universal indices commonly accepted, this is not the caskaracteristic of fuzzy rule-based systems. In those cases
when dealing with interpretability assessment. The ev@lina looking for a plausible linguistic explanation of the infed
of accuracy consists of measuring the difference between thutput, derived from the linguistic description of the fyzz
outputs of the model and the real system. For instance, tkreowledge base, is not straightforward. When many rules are
mean square error and the number of misclassified ca$iesd at the same time for a given input, explaining the irgérr
are widely used for regression and classification problenjtput as an aggregation of all the involved rules is not.easy
respectively. On the contrary, assessing interpretglodinains ~ Some authors [18] have searched for understandable ways
an open hot topic. Moreover, finding out a universal indesf interpreting the system output in terms of describing the
for interpretabiliy seems to be an impossible mission sindaferred output possibility distribution by a set of prewsaty
it is strongly affected by subjectivity. In fact, it is nesesy defined linguistic terms along with some linguistic modsier
to look for two kind of complementary indices, objectiveand connectives. As an alternative, other authors haveobet f
and subjective ones. On the one hand, objective metrics asarching visual explanations of the system output. Isthibu
needed to make feasible fair comparisons among differexital. [19], [20] established a set of design constraintd wit
fuzzy systems. On the other hand, subjective measures te aim of producing groups of rules with only two antecedent
demanded when looking for personalized fuzzy systems whea@nditions that can be plotted in a two-dimensional (2D)xspa
it is required having an index flexible enough to be easilhey look for a visual representation able to explain thepout
adaptable to end-user’s expectations. of fuzzy rule-based classifiers to human users. Nevertheles

A complete taxonomy on the existing interpretability meazonsidering only two antecedents per rule is a strong ltioita
sures has been recently proposed in [13]. Authors identifiyat may penalize the accuracy of the system.
four groups of indices as result of combining two different A complete analysis of visualization requirements for fuzz
criteria, the nature of the interpretability index (comgie systems is provided in [21]. It gives an overview on existing
vs. semantic) and the elements of the fuzzy knowledge bavethodologies to yield 2D and 3D graphical representations
that it considers (partitions vs. rule base). Namely, thar foof fuzzy systems. It comprises visualization of fuzzy data,
groups are: (1) Complexity at rule base level; (2) compjeait fuzzy partitions, and fuzzy rules. Different alternativase
partition level; (3) semantic interpretability at rule bdsvel; available depending on the requirements of the end-user.
and (4) semantic interpretability at partition level. Moreover, requirements may change according to visu&izat

Most well-known existing interpretability indices corretasks to perform: Interactive exploration; automatic catep
spond to groups (1) and (2). They only focus on readabilisupported exploration; receiving feedback from users; and
(complexity) of fuzzy systems. In consequence, they acapturing users’ profiles and adaptation.
objective indices since they are limited to count the number The most relevant works to obtain visual representations
of elements (features, membership functions, rules, @esni of multi-dimensional fuzzy rules are those developed by
etc.) included in the knowledge base. Berthold et al. [22], [23]. They make a mapping from a
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high-dimensional feature space onto a two-dimensionatespa There are many different methods for the automatic visual-
which maintains the pair-wise distances between rules. Tization of PFNETs. The spring embedder family of methods
established mapping also displays an approximation ofuttee ris the most widely used in the area of Information Science.
spread and overlapping. As a result, it is possible to viseal Spring embedders assign coordinates to the nodes in such a
and explore multi-dimensional fuzzy rule bases in a 2D graptvay that the final graph will be pleasing to the eye, and that
ical representation. Authors claim such representatiefdgia the most important elements are located in the center of the
user friendly and interpretable exploratory analysis. Eesv, representation. Kamada-Kawai’'s algorithm [35] is one & th
the complexity of the analysis grows exponentially with thenost extended methods to perform this task. Starting from
number of features and rules to be displayed. In consequergecircular position of the nodes, it generates networks with
in complex problems with many rules the interpretation & thaesthetic criteria such as the maximum use of availableespac
resultant graph is not straightforward. the minimum number of crossed links, the forced separation
of nodes, the build of balanced maps, etc. Notice that, the
combination of entities co-citation, PFNETs, and Kamada-
Even though €onstructing a great map of the sciences hagawai makes the entities that most sources share with the
been a persistent dream since the Middle "Aft], it has rest, tend to situate themselves toward the center.
been during the last few years when it has become a stron@oncerning the analysis of scientograms, according to [24]
need mainly due to the success of Internet which acts @gre are three main measures of centrality that yield Usefu
catalyst. In consequence, isolated research groups amstlnhformation with the aim of identifying the most significant
non-existent and the number of scientific publications iryvengdes of a PFNETDegree of Centralitfregarding the number
multidisciplinary fields has been increased very quickigr-F of direct links gathering in a nodefentrality of Closeness
tunately, the recent advances on computer visualizatidl [2(measuring the distance among nodes), @ehtrality of
[26], [27], [28], [29] make feasible high quality and fassudl |ntermediation or Betweenegtooking at nodes that act as

representations of very large scientific domains. link between other nodes contained in the shortest path).
The termscientogranis coined in the specialized literature

to make reference to visual science maps, i.e., visual +epre
sentations of scientific domains. Vargas-Quesada and MoyaAs said before, this paper proposes a new methodology for
Anegbn [24] proposed a methodology to create scientogravisual representation and exploratory analysis of the yfuzz
with the aim of illustrating interactions between authonsl a inference process of fuzzy rule-based classifiers (FRBCs).
papers through citations and co-citations. The basic idawst It is based on the generation of FRBC inference maps,
up from the notion of paper co-referencing which represerss-called fuzzy inference-grams (fingrams) by analogy with
the frequency with which two documents are cited by othérs.the scientograms used for visualizing scientific informiati
is possible to talk about author co-citation, journal caipn, The following subsections explain how to generate fingrams,
co-citation of classes and categories, etc. Obviousheddipg how to analyze them with the aim of making a exploratory
on the kind of co-citation selected the information that ban analysis of the fuzzy inference process, and how to derive
extracted from the generated maps is different. interpretability measures from the fingrams.

The standardized co-citation measure was defined by Salton
and Bergmark [30] and is computed by the next equation:

C. Scientograms: Design and Applications

Ill. PROPOSAL

Fingram generation

Fingrams show graphically the interaction between fuzzy
Ce(ij) ) rules at the inference level in terms of co-fired rules, fags
c(i) - () fired at the same time by a given input. First, from a data set we
build a square matrix// that contains all interactions among
N rules regarding the proportion of co-fired rules.

MCN (ij) =

whereC'c means co-citatiorn; stands for citation, whilé and
j represent two different entities (authors, documentsnals,
categories, institutions, countries, etc). 1 aips ... Q1IN

The combination of entity co-citation and social networks axn 1 ... asn
analysis through the use of the Pathfinder algorithm [31] M=y = 7 )
has proved to be able of getting high quality, schematic ani Gnz ... 1
visualizations of the resultant networks in various fieldsts SFR..
as psychology (to represent the cognitive structure of a sub Qj = ———t— 3)
ject [32]), software development (for debugging of mubjeat VIR - FR;
systems [33]), or scientometrics (for the analysis of larggherea;; is a measure of co-firing inspired on the co-citation
scientific domains [34]). measure expressed by equationSE'R;; means the number

The Pathfinder algorithm is in charge of pruning the networ samples for which rule®; andR; are simultaneously fired,
defined from the original co-citation matrix (that can berseevhile F'R; and F'R; count respectively the total number of
as the adjacency matrix of a graph) keeping only the masamples for which the same rul&s and R; are fired, without
relevant links. This is essential to make feasible a gooda¥is taking care if they are fired together or not. Notice thaj,
interpretation of the final Pathfinder networks (PFNETS). is thus normalized and matri/ is symmetrical.



The number of times a rule is fired is computed in aaddition, the number of surrounding lines is related to the
inferential way for all available data samples. Hence, it somplexity of the selected rules (one line means two presnise
extremely dependant on the goodness (quantity and qualityp lines mean three premises, and so on). Furthermore,
of the available experimental data. In addition, collegtinedges (links) among nodes represent rule co-firing infaonat
significant data (covering most possible situations) iepli Notice that, thanks to the combination of rule co-firing,
making many experiments which is normally costly in termBFNETSs, and Kamada-Kawai's algorithm, information redate
of time and ultimately money. Therefore, looking for a&o the inference process of FRBCs is displayed in pretty
more homogeneous view of the inference process basednice scalable fingrams. As a side effect, the most relevant
considering also unknown test samples we have used thées, i.e., those rules more often fired tend to be located
Synthetic Minority Over-sampling Technique (SMOTE) [36]toward the center of the pruned fingrams, while non-signitica
which is usually applied to the construction of classifiemyf rules go to the periphery. Hence, the structure of fingrams
imbalanced datasets, for generating some synthetic tést des quite informative. On the other hand, redundancies glink
As a result, in our context, SMOTE duplicates the number afmong rules of the same class) are painted in green while
samples, introducing synthetic data only in those areablef inconsistencies (links among rules of different classes) a
input space where real experimental data already existc&lotremarked with red color. Moreover, the thickness of links
that, we discarded the introduction of randomly generatésl proportional to their weights. We propose two techniques
synthetic data in the whole input space to avoid the germeratiof pruning a fingram. The first one consists of applying the
of unfeasible data samples that would yield to non-realistPathfinder algorithm directly on the complete fingram. Thus,
conclusions in our analysis. information related to both redundancies and inconsigenc

Once matrix M is generated, we can use the Kamadas taken into account to prune the less salient links. Thersc
Kawai's algorithm to display the complete fingram. It givesne is composed of two steps. Firstly, we remove the redundan
a global view on the interpretability of the FRBC accordinginks of the complete fingram. Secondly, Pathfinder is applie
to the number of nodes (rules), and links (co-firing relagiorto the non-redundant graph. In such a way, the pruning of the
and degrees). Nevertheless, as it happens for the casegrafph is made only regarding inconsistencies.
scientograms, this initial fingram is normally quite denge a  Finally, it is important to highlight that our proposal istno
difficult to analyze even for medium size problems. Thus, @ffected by the well-known curse of dimensionality problem
is worthy to run the previously mentioned scaling algorithrof fuzzy systems that implies the number of fuzzy rules grow
(Pathfindet) with the aim of pruning the network beforeexponentially with the number of inputs. First, nodes repra
printing and exploring the generated fingram. Notice tha, tdirectly rules instead of premises. Second, PFNETs have
pruned fingram preserves all relevant information at globbeen successfully applied to the analysis of large scientifi
level thanks to the properties of PFNETS. domains representing thousands of co-cited entities [24].

Fig. 1 shows an illustrative example of two fingrams madensequence, fingrams are able to display the interactions
up of 68 rules before and after running Pathfinder. As it camong thousands of rules in the form of highly interpretable
be easily appreciated, it is impossible to see anything en ttiees. Even when the number of rules is huge the pruned
left side of the figure. Whatever analysis only makes senfiegram can be still comfortably viewed by any expert.
after pruning the initial fingram. i .

B. Fingram exploratory analysis
.. The analysis of fingrams offers many possibilities. For
¥ o instance, one can directly analyze its global structurehey t

. X exploration of the number and the location of the apparent
e groups of rules, analyze the respective location of thesrule
Syl coding for different classes, etc. We would like to remar& th
e following exploratory tasks: Discovering the most sigrafit
' rules in the knowledge base; and detecting redundanciésrand
inconsistencies among fuzzy rules.

On the one hand, the usual Centrality measures that are

— . commonly used in the analysis of scientograms can also be
(a) Initial fingram (b) Pruned fingram successfully applied to find out the most significant rules
within a FRBC. As a first approach, we advocate for the use
of the so-calledDegree of CentralityThis means that we will
oint out as the most significant rules those corresponding

In our context, the n in the fingrams represent fuz . .
our context, the OQes' the fingrams represent u gthe nodes that concentrate the larger number of links in a
rules of FRBCs. Rules yielding the same class are deplctferc]j

: [ngram. Remind that they tend to be located toward the center
by the same symbol (pentagon, rectangle, ellipse, etc). oppruned fingrams

We have selected MST-PathFinder [37] a recently publishmiant of  ON the other hand, the interaction among fuzzy rules at
Pathfinder algorithm able to generate large visual sciengsnimacubic time. inference level is very difficult to appreciate by only raagli

Fig. 1. Example of fingrams before and afer running Pathfinder.



the linguistic description of a FRBC. As a first step, in thi€. Interpretability assessment based on fingrams

contribution we will concentrate on the analysis at ruleebas \we assume that fuzzy partitions are interpretable and the
level. It depends on the rule description but also on thgatching among linguistic terms and fuzzy sets is supetvise
inference mechanism. Obviously, such analysis is differegng approved by an expert. Notice that interpretable fuzzy
depending on the kind of problem faced. In classificatiorbpropatitions must represent prototypes that are meaningiul f
lems, redundancies and inconsistencies must be handledy@send-user. Then, given a rule format along with an infegen
conflicts to be solved. Solving redundancies implies remgVvi mechanism, the system comprehensibility can be evaluated
redundant rules what contributes to get better interpé$ab |ooking only at rule level. Our assumption is the following:
In addition, the interested reader is referred to [38] whefhe |arger the number of simultaneously fired rules for argive
there is a detailed explanation of some possible consisterfgnyt vector, the smaller the comprehensibility of the FRBC
problems along with a methodology to detect and correct suchringrams give us information related to the proportion
inconsistencies. Of course, from the interpretabilityrp®f  of co-fired rules that should be considered when assessing
view it would be desirable to have only one rule that directhyterpretability. Equation 4 formalizes the Knowledge 8as

yields the right inferred output. Anyway, this may produce @omprehensibility Index K BCT), our novel proposal of
huge number of rules what is also undesirable. interpretability index:

Even when a rule base is fully consistent at linguistic level

there may arise some possible redundancies and/or incon- N N
(P + Pj) - aij] = MAX
1

sistencies at inference level because of the rule aggoegati 0, if .

procedure made as part of the inference process. SuchipbtentK BCI =
1 - \/

=1y

4)
> §:: [(Pi+Pj)-aij]

conflicts are difficult to detect mainly because they areiglyrt
— 5 otherwise

hidden since they are typically produced by new unknown data

that were not taken into account during the learning stage. Rynere N is the total number of rulesP; and P; count the
instance in classification proplems, it may ha.ppen. thatraéve,ymber of premises (antecedent conditions) in rulesd ;,
rules are fired at the same time for a new given input Ve‘_?tWhile a;; is the measure of co-firing for the same rulesd;;
and as result several outputs are activated with degreegrigy jg computed by equation 3. Ant AX is a maximum value
than zero. When two different classes are activated with Veg¥taplished to get a normalized measure in the interva). [0,1
similar degrees the situation can be labeled as an ambigyitysnould be fixed by the designer of the FRBC, looking at
case. Such situation is not desirable, no matter if the ByStene maximum number of rules that may be acceptable (by an
is (or not) able to yield the right output class, becauseghsli eng-yser) for each specific problem according to its infteren
modification in the input data may yield a wrong output. Wegomplexity (number of inputs, output classes, availabanir
can conclude that a FRBC producing many ambiguity casggy data, etc). According to our experimentations, we sagyge
is a non-reliable system and should be corrected. setting M AX greater or equal than one thousand times the
Looking at pruned fingrams we can discover redundancigwiltiplication of the number of classeg’) by the number
(when the co-fired rules yield the same output class) anflinputs () by the number of training sample%’). Hence,
inconsistencies (when the co-fired rules yield differertpatt M AX > C - 1-T -10°. We have sef\/ AX = 10".
classes). The larger the link weights (co-firing degree com-

puted by equation 3) are, the larger the interaction between ] )
rules is, and the larger the degree of redundancy or inconsis ' NiS experimental study deals with the well-known WINE
tency results. benchmark classification problem whose dataset is freely-av

. able at the KEEE (Knowledge Extraction based on Evolu-
It should be noted that, because of the specific way th81r | earning) machine-learning repository. It contal 78

pruning and the drawing is done, the most salient links afntkiaces coming from the results of a chemical analysis of
hodes are likely tp be drawn in the center, and those I%ﬁ'\es grown in the same region in ltaly but derived from
relevant in the penphery._Thus, those. rules that corraftpon three different cultivars (3 classes of wines). In addititre
nodes Iocate_d in the periphery of a fingram, espeuglly th,oﬁﬁalysis determined the quantities of 13 constituefitsohol,
ponnected with a low .vglue (the weight of the asspuated iRk alic acid, Ash Alcalinity of ash MagnesiumTotal phenols

is small) to the remaining graph, are good candidates t0 Bg,,an6ids Nonflavanoids phenglsProanthocyanins Color
pruned. This could have an interesting collateral advmtaﬁ’ltensity Hue OD280/0D315 of diluted winesand Proline)
since removing such rules is likely to increase interpriéitgb taken as inputs.

while keeping almost the same accuracy. We will check it A5 5jready said, this analysis considers only FRBCs. In this
in the experlmental_ section. A ba§|c simplification proaedu ¢ yibytion they have been generated following the HILK
may consist of finding and removing those non-relevant ru'ﬂgﬁghly Interpretable Linguistic Knowledge) fuzzy modedi
normally located at the periphery of the graph. Moreovel,qoihodology [38], [39]. We have chosen HILK because it is

regard_lng to fingrams we can seF a ran_klng_of_ rul_es a_C_C()rd'@gpecially thought for making easier the design process of
to their relevance and then running a linguistic simplifimat

procedure like the one proposed in [38]. 2A free software tool available online at [http://sci2s.egfkeel/].

N
=1

IV. EXPERIMENTAL ANALYSIS



interpretable FRBCs. To do so, it imposes several constrain Then, we have run the linguistic simplification procedure
(SFPs, global semantics, Mamdani rules [4], etc.) durirgy tiproposed in the HILK methodology as a refining step with the
design phase. The rule base is made up of rules of form: aim of getting better interpretability while preservingacacy.
Y o Ad < m The simplification affects to both partitions and rules. As a
I w AND...AND w Then Yis ¢ result, a new simplified FRBC is obtained. The number of
Premise Pq Premise P, inputs passes from 13 to 8, but the most impressive reduction
where C™ is the selected output clas%, is the name of is related to the number of rules which drops dramaticatyr
the input variablea; and A% represents the label of such 68 to only 8. Accuracy remains the same (ACC=0.978) while
variable. Namely,A? can be one of the elementary termsill interpretability indicators are clearly improved (TR26,
in the SFP or a composite term defined as a convex hARL=3.25, AFR=3.792). As expected, the interpretability i
of adjacent elementary terms corresponding to OR and N@e&x is also increaseds(BC'1=0.95433).
combinations [40]. These kinds of rules are usually known Fig. 2 shows the new fingrams (pictures (a), (c), and (d)) of
as DNF rules. Naotice that, the absence of an input in a rulee simplified FRBC along with the detailed list of simplified
means that it is not considered in the evaluation of such rulaeles (picture (b)). These fingrams are very illustrativel an
This special kind of premises is usually referredDam’t care easy to interpret. Let us explain all the information they
premises [41]. Because several output classes can beteadtivarovide. Picture (a) plots the complete non-pruned fingram.
since several fuzzy rules can be fired at the same time by theshows all interaction among rules and even though the
same input vector, the winner rule fuzzy reasoning mechanisumber of rules is tractable this fingram is still quite dense
is considered. As explained in the previous section, the next step conefsts
HILK methodology is implemented as part of the fre@runing it by means of Pathfinder, with the aim of highliglgtin
software tool GUAJE Moreover, the new methodology forthe most significant nodes and links. We consider two cases.
visualizing and exploring fuzzy rule bases proposed in thisrst, picture (c) prints the whole pruned fingram. Thushbot
paper is also implemented in that tool. The drawing of thedundancies and inconsistencies were considered. Second
graphs themselves is done using another freeware tool narpéure (d) depicts the fingram resultant of applying Patt@m
GraphviZ [42]. only considering inconsistency cases. That is all reducidan
The rest of this section is devoted to show the utility ofvere removed from the complete fingram before pruning. In
the new methodology proposed in this paper through sorsech a way, only the information related to inconsistenises
illustrative examples. Please notice that, probably tremee used to prune the graph.
better rule bases for the WINE problem in the fuzzy literature To sum up, picture (a) gives a global overview of all the
We do not care about that because our goal is to explain th#e interactions, picture (c) puts the spotlight on the mai
new methodology instead of looking for the best solution faredundancies and inconsistencies, and picture (d) comatest
this specific problem. only on remarking the most risky inconsistencies. Notic,th
As a starting point, Fig. 1 shows fingrams of a FRB@icture (d) lets us discover links that were hidden in piet(a)
automatically generated with GUAJE for the WINE problembecause of the presence of redundant links with high weights
Uniform strong fuzzy partitions with three triangular fyzz For instance, the link between R5 and R6 appears in picture
sets are initially generated for each input. The rule base (i) but not in picture (c). This is because of the higher weigh
made up of 68 rules with a total number of premises (iof the links between R4 and R5.
the following we will refer it by Total Rule Length or TRL) From fingrams in Fig. 2, R5 and R8 are identified as
equals to 422. This means an Average Rule Length (ARbpod candidates to be removed with the aim of simplifying
of 6.206 even though the total number of inputs is 13. Thisven more the FRBC. On the contrary, R3 and R6 are
FRBC exhibits a good accuracy on the whole original datagsdinted out as key rules. Changes on accuracy and inter-
(ACC=0.978) but the Average number of Fired Rules (AFR)retability are almost negligible when removing peripbati
is high (AFR=22.489). In consequence, it may be deemedles like R5 (ACC=0.972, TRL=24, ARL=3.429, AFR=3.747,
as not very interpretable. Computed on the complete fingrafhB(C'1=0.9545) or R8 (ACC=0.972, TRL=24, ARL=3.429,
(Fig. 1(a)), the K BCT index is 0.61266, a low value thatAFR=3.534, K BCI=0.95455). However, removing a central
confirms the feeling one may perceive after visualizing theile like R3 (ACC=0.893, TRL=23, ARL=3.286, AFR=3.067,
plotted fingram. From the complete graph, we generated (ruki-BC'71=0.96379) or R6 (ACC=0.949, TRL=20, ARL=2.857,
ning the Pathfinder algorithm) a pruned fingram that is dedail AFR=2.848, K BC1=0.97306) has a much more remarkable
in Fig. 1(b). The number of edges decreased consequendiffect regarding both interpretability and accuracy.
showing a much more interpretablel representation of Fh@;gm V. CONCLUSIONS ANDFUTURE WORKS
FRBC. Notice that this representation can be even simplified

furthermore, by eliminating some peripherical rules, asl sa 'S paper has introduced a new powerful methodology
previously. for exploratory analysis of fuzzy rule-based systems. A firs

version is already implemented for FRBCs. It can be freely

3A free software tool for generating understandable andrateduzzy rule- downloaded as part of the free software tool GUAJE at:
based classifiers in a Java environment [http://www.softaging.es/guaje].

4A free software tool available online at [http:/www.grajEhorg/] http://www.softcomputing.es/guaje
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R5:

R6:

R7:

R8:

If Flavanoids is lowvAND Hue is low

AND OD280/0D315 of diluted wines is low

Then Class is Wine3

If Malic acid is low

AND Flavanoids is lonAND Hue is high

AND OD280/0D315 of diluted wines is NOT (high)
Then Class is Wine2

If Flavanoids is averag&ND Proline is low

AND 0OD280/0D315 of diluted wines is NOT (low)
Then Class is Wine2

If Alcohol is low

AND Flavanoids is averageND Proline is average
Then Class is Wine2

If Alcohol is low AND Flavanoids is high

Then Class is Wine2

If Alcohol is average

AND Total phenols is IowAND Flavanoids is average
AND Color intensity is highAND Proline is average
AND OD280/0D315 of diluted wines is average
Then Class is Winel

If Alcohol is high

AND Flavanoids is averageND Proline is average
Then Class is Winel

If Flavanoids is averag&ND Proline is high

Then Class is Winel

(b) Rule base linguistic description
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(d) Pruned fingram (Only Inconsistencies)

Fingrams for a reduced FRBC.



In addition, we have proposed a novel interpretability mdg17]
that takes into account the comprehensibility of fuzzy eryst
looking at the correspondence between the linguistic qescr[lg]
tion and the inference process. According to the taxonomy
given by [13], the new index tackles with semantic at rulesba$!®
level where there are almost no proposals in the fuzzy litera
ture. In the future we will extensively validate the methladyy
and look for other co-firing metrics able to yield additional?®l
information about consistency, generality and/or spetjfiaf [21]
rules.
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