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Fuzzy Descriptive Models: An Interactive
Framework of Information Granulation

Giovanni Bortolan Member, IEEEand Witold PedryczFellow, IEEE

Abstract—In this paper, we introduce and discuss an impor-
tant class of endeavors of fuzzy modeling, such as fuzzy descriptive
models. In a nutshell, the objective of fuzzy descriptive models is to
provide with a sound, comprehensible, and relevant description of

Descriptive fuzzy modeling Predictive fuzzy modeling

experimental data at a general level of relationships revealed there.
The elements of such models called descriptors are inherently in-
formation granules as the notion of granularity goes hand-in-hand
with the interpretability of the resulting constructs (information
granules). This paper elaborates on the use of the language of fuzzy
sets that are viewed as generic models of information granules. The

-

development of the information granules is carried out in an in-
teractive manner in which a designer can inspect a structure in a
data set in a visual fashion. Such visualization is possible through
a suitable visualization vehicle provided by self-organizing maps.
The role of the designer is to choose from some already visualized
regions of the self-organizing map characterized by a high level
of data homogeneity. We provide a new algorithm of constructing
membership functions of the information granules (fuzzy sets). In

development
environment

designer

addition to some synthetic data, the study includes a comprehen- Fig- 1. Descriptive and predictive fuzzy modeling.

sive descriptive modeling of highly dimensional electrocardiogram
data.

purely numeric models especially neural networks are going to

Index Terms—Computerized electrocardiogram (ECG) signal
analysis and classification, fuzzy descriptive model, information
granulation, self-organizing maps, user-interactive model devel-
opment.

do a superb job. One may even wonder what would make fuzzy
sets superior in this type of competition. Having noticed the ev-
ident quest for accuracy of the models, one may consider two

classes of fuzzy models and the ensuing modeling principles

. INTRODUCTION

UZZY modeling comes today with a plethora of archi-

tectures, algorithms, and hybrid design methodologies; cf.

[10][12], [17], [19], [24], [25], [27], and [34]. The omnipresent

and strong visibility of various mechanisms of computational
intelligence (CI) [20], [40], such as evolutionary optimization
[29] and neurofuzzy modeling and optimization [30], [35], [41],

is the dominant feature of the area. The use of clustering tech-
nigues becomes also more visible nowadays; cf. [1], [2], [6],

[9], [21], [26], [31], and [32]. In spite of this diversity, most

of the resulting fuzzy models become surprisingly close each
other as far as the underlying objective is concerned: all of them
tend to approximate data (predominantly numeric) to the highest
possible extent. The original agenda and an evident strength of
fuzzy sets that comes with the transparency of their granular
constructs (that is fuzzy sets and fuzzy relations) do not seem.

to be fully explored. To the contrary: we tend to compete with
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and development methodologies, that is

¢ Fuzzy descriptive model3hese models are aimed at a
description of data in the language of well-defined, se-
mantically sound and user-oriented information granules
[37]-[39]. The objective is to understand the data where a
certain point of view there is carefully articulated in the
language of fuzzy setwig. the relationships deal with
fuzzy sets). Obviously a dynamic perspective can be in-
cluded that is the fuzzy sets along with their granularity
modified in order to produce descriptors that are mean-
ingful and legitimized from the standpoint of experimental
evidence (data). We regard the models in this category to
be a prerequisite to other fuzzy models of higher level of
details. They tend to b#ata noninvasivemeaning that we

do not attempt to impose a specific detailed structure on
the data.

Fuzzy predictive modebse the models to carry out some
sort of prediction. The term prediction is used in a gen-
eral sense as such models can encompass a prediction of
time series, output variable or a class in a classification
problem. As a matter of fact, an evident majority of fuzzy
models fall under this category; cf. [6], [9], [17], [29],
[33]-[35], and [41].

University of Alberta, Edmonton, Canada, and also with the Systems Researchrhese two Categories of fuzzy models interact in the sense
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utlined in Fig. 1, yet their role in the entire modeling environ-
ment is quite different.
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The data and some domain knowledge hints are combined to- j
gether to form a descriptive model. Here, an active role of the ;
designer is a must. To accomplish that one need a highly interac-
tive, visual development environment. The results of descriptive
modeling are a prerequisite to efficient predictive fuzzy mod- i
eling. As a matter of fact, we can view some constructs of the
descriptive modeling to be used as building blocks of predictive
modeling. In particular, this is visible when using fuzzy clus-
ters in the design of fuzzy models; cf. [21], [27], and [32]. It
is important to stress that the specific research agenda of de-
scriptive and predictive models is very different so is the list
of the fundamental pursuits. In descriptive models, we question
whether the information granules (fuzzy sets) are relevant, de- KK ® e | X
scriptive, and suitable from the standpoint of their granularity 1)  x(2)

(which helps capture the required level of details of the data). In

predictive models, the primary questions deal with the accura'gg- 2. A basic topology of the self-organizing map constructed as a grid of
. . identical processing units (neurons).

of the model, its generality, robustness, etc.

It is interesting to note that this type of categorization of the
models (in general sense, not necessarily fuzzy models) hass$tedcture, usually emerging in the form of a two- or three-di-
come visible quite strongly in data mining and intelligent dataensional map. To make this visualization meaningful, an ul-
analysis (IDE); cf. [5], [22], and [28]. timate requirement is that such low-dimensional representation

This paper is devoted to the descriptive fuzzy models amdithe originally high-dimensional data has to prese¢ogolog-
attempts to address the crucial design issues, especially thicaéproperties of the data set. In a nutshell, this means that two
concerning a formation of a highly interactive, efficient andata points (patterns) that are close each other in the original
user-friendly visualization environment. The material is ahighly-dimensional feature space should retain this similarity
ranged in 8 sections, each of them focusing on a separate fdoetresemblance) when it comes to their representation (map-
of the descriptive modeling. In Section II, we revisit a concegting) in the reduced, low-dimensional space in which they need
of self-organizing maps (SOMSs) regarded as a backbonetofbe visualized. And, reciprocally: two distant patterns in the
the user-oriented development environment. The basic ideaosifinal feature space should retain their distant location in the
SOMs is augmented here by an introduction of some auxilialgw-dimensional space. Being more descriptive, SOM performs
maps that help visualize the structure in the data and descrilseacomputer eyghat helps us gain insight into the structure
its characteristics (Section 1lI). In Section IV, we discuss @f the data set and observe relationships occurring between the
way of constructing membership functions of fuzzy sets thagtterns being originally located in a highly dimensional space.
are a direct product of the homogeneous data regions definedhis way, we can confine ourselves to the two dimensional
by the designer in the SOM. The experimental part of theap that apparently helps us to witness all essential relation-
study is covered in Sections V and VI. Here, we deal with $hips between the data as well as dependencies between the soft-
synthetic data set and use two data sets used in the machwage measures themselves. In spite of the existing variations, the
learning studies. Next, Section VI includes a comprehensigeneric SOM architecture (as well as the learning algorithm) re-
development of the descriptive model for electrocaridogramains basically the same. In what follows, we summarize the
(ECG) data. Section VII moves the ECG data analysis furthessence of underlying self-organization algorithm that realizes
by elaborating on the links between the descriptive model aadertain form of unsupervised learning.
the ensuing predictive models. Conclusions are covered inBefore proceeding with the detailed computations, we intro-
Section VIILI. duce all necessary notatiorn™ feature of the patterns (data)
are organized in a vectsr of real numbers located in thedi-
mensional space of real numbeR?}. The SOM comes as a
collection of linear neurons organized in the form of a regular

The concept of an SOM was originally coined by Kohonefo-dimensional grid (array), Fig. 2.

[14]-[16] and is currently used as one of the generic neural toolsin general, the grid may consist ofp™ rows and *”
for structure visualization. There are a number of augmentatigt@umns; quite commonly we confine ourselves to the square
of the generic version of SOM; see [18] as well as other gené&ray of p" X “p” elements (neurons). Each neuron is
alizations such as growing SOMs [8]. In this study, we concefguipped with modifiable connections:(i,j) where the
trate on the use of the generic version of the SOM; our selectig@nnections are arranged into afdimensional vector that is

is motivated by a wealth of theoretical studies and experimen®l?, j) = [w1(Z,J) wa(7, ) - - wa(4,5)]. The two indexesi(
evidence collected in practice. andy) identify a location of the neuron on the grid. The neuron

As usually reported in the literature, SOMs are regarded @glculates a distancé)between its connections and a certain
regular neural structures (neural networks) composed of a réBPut x
angular (squared) grid of artificial neurons. The intent of SOMs
is to visualize highly dimensional data in a low-dimensional y(i,7) = d(w(i, j), x). Q)

p-rows

I[I. SOMs—AN INSIGHT INTO A STRUCTURE OFDATA
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The same inputk affects all neurons. The neuron with thdzation are usually pursued, the linear and statistical normaliza-
shortest distance between the input and the connections ti@a. In the linear normalization, the original variable is normal-
comes activated to the highest extent and is declared to bi&ed to the unitinterval [0, 1] via a simple linear transformation:
winning neuron—we also say that it matched the given input

(x). Let us denote its coordinates bid{j0). More precisely, Tnormalized =
we have

Loriginal — Lmin
Tmax — Tmin
wherez ,;, andz ., are the minimal and maximal value of the
(40, j0) = arg min d(w(i, §), x). (2) variable encountered in the data. The statistical normalization
) uses the meam and the standard deviatien, of the variable

As awinner of this competition, we reward the neuron and allow Toriginal — T

Tnormalized =

it to modify the connections so that they are getting even closer O

to the input data. The update mechanism is governed by @)y, the logistic normalization involves a nonlinear transfor-

expression mation of data that follows a logistic transformation, namely
w_new(i0, j0) = w(i0, j0) + a(x — w(i0,0))  (3) 1/(1_ —f—_e?(p(—m)). In ad_dition, vyhen observing the activity of
the individual neurons in the grid, some of them may be exces-
wherea denotes a learning rate,> 0. The higher the learning sjvely “active” and winning most the time. The other neurons
rate, the more intensive updates of the connections. In additighd to become “idle.” This uneven activity pattern is undesired
to the changes of the connections of the winning node (neurognd should be avoided. In order to promote more even activity
we allow this neuron to affect its neighbongiZ. the neurons across the network, we make the learning frequency-sensitive
located at similar coordinates of the map). The way in whighy penalizing the frequently winning nodes and increasing the
this influence is quantified is expressed viaa neighbor funCti%tance function between the patterns (inputs) and the connec-
®(i, 4, 0, j0). In general, this function satisfies two intuitivelytions of the winning node. For instance, instead of the original
appealing conditions: 1) it attains maximum equal to one for thgstancel(x, w), we use the expressigh+:¢)s=d(x, w) where
winning node; = :0, j = j0, and 2) when the node is apart: s a positive constant modeling the effect of intentionally in-
from the winning node, the value of the function gets lower (iBreased distance betweeandw. The higher the value ef the
other words, the updates are less vigorous). Evidently, there g{gre substantial the increase in the effective distance between
also nodes where the neighbor function zeros. Considering thie pattern and the neuron.
we rewrite (1) in the following form: When designing a self-organizing map, the following are es-
w_new(i, j) = w(i0, j0) +a®(i, j, i0, j0)(x— w(i, 7). (4) sential dgsign parameters: the size.of the map, .initial learning
rate and its temporal decay, type of distance function, and a form
Commonly, we use the neighbor function in the form of data normalization.
. L \2 .2 Overall, the developed SOM is fully characterized by a ma-
®(2,7,10,j0) = exp(=H((i = 10)" + (7 = jO)°) trix of connections of its neurons, thatis = [w(i, j]], i =
with the parametef (equal to 0.1 or 0.05 depending upon thé, 2, ... p, j = 1, 2, ... p (note that we are now dealing with
series of experiments) modeling the spread of the neighksquareg by p grid of the neurons). The simplest visualiza-
function. tion scenario one can envision is to map the original data on the
The update expression (4) applies to all the nodeg)(of map so in this manner we get a certain insight into the struc-
the map. As we iterate (update) the connections, the neighibtaie of the data in a highly-dimensional space. For instance, we
function shrinks: at the beginning of updates we start with Gan state that, andx; are similar because they “activate” two
large region of updates and when the learning settles down, meighboring neurons on the map. A visualization of the rela-
start reducing the size of the neighborhood. For instance, dive position of the patterns is a main advantage of the SOM.
may think of a linear decrease of its size. Moreover, by a careful arrangement of the weight matrix into
The number of iterations is either specified in advance or tiseveral planes (arrays) we can produce a variety of important
learning terminates once there are no significant changes in tiews at the data. We introduce such concepts as a weight, re-

connections of the neurons. gion (cluster), and data density map.
The distanceé(x, w) can be defined in many different ways.
A general class worth considering is that of the Minkowski [ll. A SSOCIATED SELF-ORGANIZING MAPS

distance. Practically, three of representatives of this family areThe associated maps come as a result of a different or-
commonly used, thatis Hamming, Euclidean, and Tchebyscheyy,iz ation ofw or some slight modifications of the original
From the experimental end, the choice between these three Binections

tances is not critical and the Euclidean distance is a legitimate

choice. A. Weight Maps

Dealing with raw measures poses the risk that one software~, . : . . .
) . . Obviously the weight matrisd can be viewed as a pile of
measure may become predominant, simply because its dorr]gln

includes larger numbers (that is the range of the measure g ofp byp maps indexed by the variables, see Fig. 3. That

: ; L is We regardi as a collection of two-dimensional matrices each
high). Therefore, the distance function is computed for norma?— 9

ized rather than raw data. In the sequel, the SOM exploits thecsogrespondlng o a certain feature of the pattern, say

transformed software measures. Two common ways of normal- [w1 (2, 7)] [wa(i,7)] ... [wn(iy5)]
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cells of SOM (pixels) surrounding the given neuron of the map.
This median is regarded this as a measure of homogeneity of the
nearest neighbor of the, () location of the map. At the visual
end, we map the median on a certain level of brightness to each
of these results that gives us a useful vehicle of identifying re-
gions in the map that are highly homogeneous. Likewise, the
entries with dark color form a boundary between the homo-
geneous regions. Clusters can be easily identified by finding
areas of higher level of brightness being surrounded by these
Weightmaps  dark boundaries. For some data set, there are distinct clusters,
so in the clustering map, the dark boundaries are clearly vis-
ible. There could be cases where data are inherently scattered,
so in the clustering map, we may not see clear dark boundaries.
Each of these matrices contain information about the weightsFig. 3, the region (clustering) map reveals two clusters: the
(or the features of the patterns as the weights tend to follow thee quite extensive that covers an upper part of the map and the
features once the self organization has been completed). smaller one. The clustering map is an important vehicle for a
The most useful information we can get from these weighisual inspection of the structure in the data. It delivers a strong
maps deals with an identification of possible associations b&spport for descriptive modeling: the designer can easily un-
tween the features. If the two weight maps are very similaderstand how structure looks like in terms of clusters. In par-
this implies that the two corresponding features they represéintilar, one can analyze the size of the clusters, their location
are highly related. If two weight maps are very dissimilar, thig the map (that tells about closeness and possible linkages be-
means the two variables they represent are not closely interngeen the clusters). By looking at the boundaries between the
lated. In addition, we can also determine the feature assodifissters, the region map tells us how strongly these clusters are
tion for a data subset. For example, two weight maps can igentified as separate entities distinct from each other. Overall,
very similar in the upper right corner, but are very dissimilar iwe can look at the region map as a granular signature of the
other area of the map. This means only the data located in thaa. These visualization aspects of SOMs underline their char-
upper-right corner are highly related. One should note that taeter as a user-friendly vehicle of descriptive data analysis. In
identification of relationships is carried out in a visual mode aritlis context, it also points out at the essential differences be-
we do not allude to any measure of association such as a cotveeen SOMs and other popular clustering techniques driven by
lation coefficient. Nevertheless, this aspect is highly supportiedjective function minimization (say FCM and alike). Note that
in a descriptive data analysis and helps the designer understatile FCM solves an interesting and well-defined optimization
the essence of the relationships between the features. In thepseblem but does not provide with the same interactive environ-
quel, it may lead to the identification of possible redundanciesent for data analysis.
of some features (e.g., we state that two features are redundatitis worth stressing that the homogeneous regions of the SOM

Different NS Sirilar
O

Region map

Fig. 3. A concept of associated SOM maps: region and weight maps.

if their weight maps are very close each other). could be detected in an automatic manner (as discussed in [7]).
While attractiveper se the formation of the regions is affected
B. Region (Clustering) Map by the values of some parameters (quite often difficult to adjust)

A slight transformation (summarization) of the original maE)hat are not transparent to the user. The position promoted in this

. : . ; . Study is that the user/designer should play a dominant role in the
W allows us to visualize homogeneous regions in the raap, L . .
) . : 2 determination of the regions in the map.
the regions in which the data are very similar. Furthermore we
should be able to form boundaries between such homogeneous
regions of the map. Owing to the character of this transform&. Data Distribution Map
tion, we will be referring to the resulting areas as clusters and

. . . .~ _The previous maps were formed directly from the general
lling the m regi I . Th Icul . .
calling the map a region (or clustering) map. The calcu atlo?r?apw produced through self organization. It is advantageous

leading to the region map are straightforward: for each locatign . S .
of the map, sayi( j) we compute distances between the Weigﬁ? supplement all these maps with a data distribution (density)

vectors of its closest neighbors, suchas (., §), (i, j — 1), G, m_ap._Thls map shows (again on a certain bng_htr_le_ss scale) adis-
j+1)... etc. Thatis tribution of data as they are allocated to the individual neurons

on the map.
d(w(i,j),w(i—1,7)) Following the assumed visualization scheme, the darker the
d(w(i,j), w(i,j+1)) color of the neuron, the more patterns invoked the neuron as the

winning one; see Fig. 4.

The data density map can be used in conjunction with the
and take a median of these differences, that is,;nié&ds, )] region map as it helps us indicate how much patterns are behind
with I treated as a neighborhood of this particular location d¢iie given cluster. In this sense, we may eventually abandon
the map. The neighborhoadfunctions in a same manner asa certain cluster in our descriptive analysis as not carrying
commonly encountered in image processing (not surprising, thiekough experimental evidence. Moreover, the data density map
SOM is a digital image). The neighborhood consists of eightlps reveal some evident learning problem related to a few
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Data Distribution Map A
Tlace: 10 NN 11in: 0 1.0

o o

O m

L

These two elements “overshadowed”
by elements belonging to class

Fig. 4. An example data density map; the darker neurons identify groups of
higher data density. These regions should be analyzed in conjunction with the
region (clustering) map.

Fig. 5. Computing the membership function of with the use of
i . ; : : vershadowing principle; note that the point belonging.to“overshadows”
frequently winning nodes (neurons); to alleviate this discre sther elements belonging ta, that are located more distantly from.

ancy, we can introduce a frequency sensitivity component in

the Iearnlingﬁrocess. ized <o f be describad M€ Prototypical value can be found in many different ways
Overall, the sequence realized so far can be descrifed, »q 4 median or mean). The simplest one is to take a mean

as follows: value of the elements ik that belong tavy, that is
highly dimensional data SOM—region, data density maps . (%e (k)
rx(k)Ewo

feature maps-interactive user-driven descriptive analysig

"= carda (k)| (k) € wo)
) ) ) . The determination of the membership grades of other points is
In the sequel, we discuss how the regions (clustering areas) idgfiiged by the following rationale; refer also to Fig. 5. The cal-
tified in the map can be described in terms of information gragyations are carried out separately for the data points to the left

ules—fuzzy sets. and to the right from the mean value. Furthermore we order the

elements larger than the prototype in an increasing order. The el-

IV. ESTIMATION OF MEMBERSHIPFUNCTIONS ements lower than the prototypical value are order in decreasing
fashion.

There are a number of existing methods of membership func-, . <ot moving from the prototype up toward the higher

tion es.tlmauon whos.e origin stems from different ways of Nalues of the data with the initial membership grade equal to
terpreting fuzzy sets; cf. [13], [23], and [24]. In what foIIowsone’A(m) — 1. In this move, two cases may occur: a) either
we are concerned in the notion of membership cast in the franeﬁé next data point belongs &m, or b) it belongs tav; . In the
work (.)f pattern recognition. We also share an opiniqn that MERst case, we maintain the previous membership grade. If the
bership grades should relate in some way to experimental d%gint belongs tas;, we assign lower membership grade whose

We start with experimental datd = {z(k)}, k value is computed as
1,2, ..., N belonging to several classes where the degree
of belongingness of:(k) to any class is binary (that is we A(z(k)) = max(0, A(z(k — 1)) — )

adopt the yes—no class assignment). The dominant CIaS?Nf’Fere
determined; say, and the intent is to compute a membership
function A of the concept (feature) describing. Without any §=1—exp (_ z(k) — m>
loss of generality, we consider a two-class problem, meaning Tmax — M
that we distinguish between the data points belonging to tl’gﬁdxmax

most frequent class we are interestedap)(and other class, if this new pointz(k) is close to the prototype, the reduction

tha_LI:[hmay :jeplre_sen_tdall remaining clar?sehs_,. h bershi in membership valuej] becomes substantial. Interestingly, the
1 er:m erying |hea |sr;co assign tl eng metr)n Iers np grag%stence of elements that belong to the other class leads to an
(1) to the regions where there are only patterns belonging 10 e ersiple drop in the membership values of the fuzzy set. Note

When moving to the regions where we encounter some pattefns

belongi duall ducing th §i t for the next data points, sayk + 1), z(k + 2) that may
elonging tow;, we gradually start reducing the correspondinge g ¢4 the dominant class, we end up having the lower mem-
membership grades. Furthermore, we consider the member

X . o TY8Pship grade. In other words, the data point belonging;to
function to be unimodal and distributed around a prototypicaly ershadows” the remaining larger data points in the sequence.

value of the concept governing the domlnapt clags Overall, the calculations of the membership values can be suc-
The procedure outlined can be formalized as a two-stgplctly described by the expression

algorithm _
« determination of the prototypical value of the fuzzy set; Alz(k+1)) = A(z(k)) if 2(k +1) € wo
- - A(z(k)) -6 ifz(k+1) €w.
» determination of membership grades assumed by the
fuzzy set around the prototype based on the experimentalhe membership grades computations for the data points
data. lower than the prototypent) is carried out in an analogous

is the largest element in the data set. This means that
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TABLE |

COLLECTION OF A TwO-CLASS DATA =lol x|

Cluslering Map
Different NI Similar

x() [-25]-18[-06]-05]-0.1 [0 [42 09 [1.5 [19 [21 |33 [28 [3.1
Class |1 |2 1 11 |t 1]t J¢ 1771 T1 TJ1 72 72

TABLE I
MEMBERSHIP GRADE OF THE FUzzY SET A CONSTRUCTEDWITH
THE OVERSHADOWING PRINCIPLE; THE MEMBERSHIP GRADES
EQUAL TO 1 ARE HIGHLIGHTED

25[-1.8]06 0501010009/ 15]19[21][28][31]33]42 B nuninn
0.45 ] 045 [ 1.00 | 1.00 [ 1.00 | 1.00 [ 1.00 | 1.00 [ 1.00 | 1.00 | 1.00 [ 0.56 | 0.08 [ 0.08 ] 0.08 &

!

11 N ! ! I ! I ] Fig. 7. A graphic environment of the development and interpretation of
1 self-organizing maps.

models of probabilistic pattern recognition where we work with
Gaussian probability density functions, these functions assume
only a single prototypical value (mean) and do not show up any

Sk - _
0 plateau around it.
V. SOFTWARE ENVIRONMENT AND EXPERIMENTING
WITH A SYNTHETIC DATASET
0 g ! l I l L To highlight and exemplify a way in which the self-organizing
"4 728 LT 025 167 308 45 map is used in data analysis, below we show a few snapshots

x illustrating how the software operates and what type of user in-
' ' teraction is involved. The developed softwareH€, running
Fig. 6. Parabolic membership function of the feature of classlefined in on a PC platform) is user friendly with a significant interac-

the feature space. tion facilitated by the graphical user interface. Not only does
this interface supports a visualization environment, but it helps

manner. The only difference is that now we order these dat® developer make decisions as to finding the structure in the
points in a decreasing order. data set and interact with the data in such process. The devel-
The membership function determined in this way exhibits gment environment provides the user with some generic sta-
stairwise effect meaning that the changes of membership graglegcal characterization of the data, Fig. 7, and navigates him
are confined to the discrete data points. One can approximgifough a detailed setup of the self-organization process (in-
a continuous membership function (such as linear, paraboliglving all necessary details such as the size of the map, normal-
Gaussian, etc.) using these specific values. ization schemes, types of distance function, number of learning
As an example, let us consider a data setin Table I. epochs). During the learning a map being formed is continu-

The dominant class (1) is denotedday. Following the above ously updated and this dynamics is visualized in Fig. 7. Finally,
algorithm, the resulting membership grades are summarized® analyst can highlight (select) any region on the map and look

Table I1. _ _ o atthe corresponding subset of experimental data. The regions on
If we proceed with a further parabolic approximation of théne map are identified through a visual inspection. As one can
membership grades immediately look at the corresponding data, the overall process

becomes highly interactive. Obviously, such regions could be

Alx;m_,my, a1, : : .
( 01 02) formed in an automatic fashion (as a matter of fact, SOMs are

L-an(z—m-)? iz <m_ justimages and there are a lot of image processing tools of edge
=\ b 9 !f @ € [m—, my] detection and contour forming that could be found useful here).
1 —az(z—my)*, ifao>my This option has not been pursued as being too restrictive and
the resulting membership function is shown in Fig. 6. biased toward a specific algorithm of edge detection and edge

In spite of the type of approximation developed on the badiscking.
of some discrete membership grades, there is an interesting anid is worth stressing that when running the same data set
general observation as to the underlying form of the fuzzy s#trough a self-organizing map, we may end up with a different
If we do not encounter any elements belonging to alasshen configuration of the regions. This is not essential as the regions
we consider a complete membership to the class of intesght ( themselves are quite repeatable in terms of their data content as
This way of looking at the fuzzy sets promotes existence wfell as mutual distribution on the map.
cores of the information granules (namely, 1-cuts of the respec-The intent of this section is to take a relatively simple low-
tive fuzzy set). By endorsing this point of view, we often end ugimensional example in which we know the structure in the
with regions of the feature space in which we have a high codata set and observe what structure is revealed by the self-orga-
fidence as a reliable descriptor of the class. In contrast, in alking map. A four-dimensional synthetic data set is generated
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class-3
class-1

class-4

class-2

Fig. 9. Homogeneous regions in the 25 by 25 SOM.

class-1 / class -4

(b)

Fig. 8. The structure revealed by the self-organizing map after the traini
neurons marked in darker color delineate regions of high homogeneity both 0
the (a) 10 by 10 map and (b) 15 by 15 map.

Fig. 10. The density distribution of data (associated self-organizing map); the
rkest entries correspond to 33 patterns allocated to the respective neuron, the
fghtest points allocate zero patterns. Note that the boundaries exhibit a very
low density of data points.

by a uniform random generator [random ( )]Jwhere each group
is shifted as follows:

z1 =random() + mq x2 = random() + my

x3 =random() +ms x4 = random() + my Fig. 11. Distribution of features in the SOM (darker regions correspond to

Lo h(i)gbrler values of the respective feature of the patterns).
Four groups were generated, each of them consisting of 20

data points. The shift parameters describing each group

. ) 8ails. Note that the boundaries are formed by a few data points
listed as follows:

that are different from the rest of the patterns.
Finally, the distribution of the features on the map is shown in

Groupno. | my | my | my | g Fig. 11. This provides us with another option to investigate rela-
1 0.1 0.5 0.9 0.0 tionships between the features (variables). By visual inspection,
9 0.9 0.1 0.0 0.4 we immediately learn that features 2 and 3 are more “related”
(in avisual sense) than the first and second feature. On the other
3 0.5 0.9 0.8 0.5 hand, there is a relationship between the first and fourth feature
4 0.2 0.4 0.2 1.0 that occurs only for a lower portion of the map (where the high

values of these features coincide).

We experimented with two sizes of the map; in the first case It should be mentioned that for smaller maps, their ability to

it has a 10 by 10 grid of neurons, in the second structure ttestribute the classes in disjoint regions was very limited. For

grid was increased to the size 15 by 15. The learning took 10B8tance, in the 5 by 5 map, we were not able to delineate clearly

epochs. The experimental finding was that after that no substaeparable regions. Furthermore far more overlap between the

tial changes in the connections of the neurons (and equivalerdlgsses occurred even for the same neuron. This was a clear

the structure of the data revealed by the map) have been wticator of the size of the network not being fully adequate to

served. After the training, the structure of the data was reveakbe size of the data set.

quite profoundly as illustrated in Figs. 8 and 9. In the sequel, we visualize the performance of SOMs on two
The differences are even more profound and the clusters deta sets quite often used in machine learning.

clearly delineated when the size of the map was increased to 2%Vine Data: This dataset consists of 178 data points (pat-

neurons per column/row. terns) belonging to three classes. We start with a small 5 by 5
The distribution map (Fig. 10) provides us with the qualitaSOM which was trained for 2000 epochs. The patterns are nor-

tively the same picture as before yet now it comes with morealized linearly. The results are shown in Fig. 12. By visually
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Clustering IMap
Different lJl ] Sirailar

clags-3  e—

Data Distribution Map
Max: 13 B JIMin: 1

class-1

Class-2

Fig. 12. Visualizuation of data in the SOM with inspection of classes. (Top)
Distribution of patterns across the map. (Middle) Individual features distributed
across the maps.

inspecting the map, we see clearly identified boundaries that
potentially delineate the patterns belonging to different classes.
This indeed has happened. As the software environment is (b)

highly interactive so that we can directly look under the “hoodFig. 14. (a) Distribution of classes in the SOM. (b) Data density across the
of the map and inspect the patterns associated with the selec¢téét

nodes of the map. The homogeneous regions (the nodes with

!ight shad_owir_1g) and their cqrrespondence with the class_es I ew classes can be delineated, namely 2,3,and 7. Therestare
included in Fig. 12. Interestingly, the homogeneous regioggficult to distinguish. The increase of the size of the map helps
correspond quite well with the areas of the map of high densigyjeviate the problem. With the increase of the size of the map
of data points [again, this effect is visualized in Fig. 12(a)]. o a 13 by 13 grid, Fig. 14, after 7000 learning epochs we end

This analysis gives us an immediate visual insight into thg\p with several homogeneous regions identifying most of the
complexity qf the problem treated as a potential classificatizsses existing in the problem (the size of the map was made
task. The weight maps reveal dependencies between the featyigg |arge on purpose with an intent to see how far the discrimi-
in a graphical form. It can be viewed as a generalization of th@tjon between the classes can be realized). The results point out
standard correlation analysis when we characterize a (linear) §8st some classes are easy to discriminate (those are the classes
pendency between features by a single numeric value (Corrlgs were able to find in the map) while others such as class re-
tion coefficient) while now we are provided by a series of mapg,ire more attention when building their classifiers. Still, at this
one can visually inspect and “correlate.” The details are ShO\gﬁe of the map, we were not able to find a clearly distinguished
in Fig. 12(c). It becomes apparent that some features (showndyion occupied by class-6. The distribution of the classes in
the maps denoted by a5, a6, a10, and al1) exhibit the sameiRg-map reflects the diversity of the patterns belonging to the
havior while others are quite distinct. _ ~ corresponding class; apparently class-5 is more “compact” than

Glass Data: In this study, we are concerned with 214 ing|ass-1. The mutual distribution of the classes is another inter-
stances of glass belonging to seven classes. The classificafigfing indicator as to the relationships between the classes; for
was motivated by criminological investigation. Each pattern jSstance class-1 and class-2 are neighbors while class-7 is lo-
characterized by a number of features dealing with the chemiggteq quite distant from these two. Interestingly, the distribution
content of glass (sodium, aluminum, silicon, barium, etc.). ¢ patterns across the map is quite uniform, Fig. 14(b) meaning

We start with a 5 by 5 SOM trained for 2000 learning epochthat all nodes of the map were involved in the organization of
Linear normalization is used to preprocess the data; see Fig. tt& data to a similar extent.
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TABLE I *
CHARACTERISTICS OF THEGRANULAR DESCRIPTORS OF THEECG (Q.ASSES

-Region of Number-of Homogeneity Desetiption of
the map patterns (number of patterns the region
across classes)

A 248 QOccupied by
class  “AMI”
with some
patterns  from H

class “MIX”

Class  “IMI”
and “MIX *
are represented
in almost
equal mixture

Clas “N”
dominates this
cluster

D 106 Class"BVH”

with some data Fig. 15. The self-organizing map (size of 25 by 25) and several clusters
coming from identified for further analysis.
class”"RVH”

tures. They include amplitudes and duration of the QRS and T
gfia\‘/}i{z}ﬂ waves, QRS and T axes, ST-segment elevation or depression,
an  almost and the area under QRS and T waves.
o The same dataset has been used to establish the performance
in class”LVH" of statistical classification models [36], and to validate the per-
ggss’élgdvl}p formance of different architectures of neural networks [3], [4].
iﬁg}ﬂﬂawssgz: One can envision a certain hierarchy of the classes of the sig-
patterns nals that could be helpful in understanding the results of self-or-
gg:if%vg?m ganization. The diagnostic class of biventricular hypertrophy
Class"LVE” (BVH) then includes both LVH and RVH, and consequently the
with a  few three classes BVH, LVH, and RVH are not completely indepen-
oo dent. This means that a classification of LMHRVH is equiv-

alent to BVH, and that a BVH patient classified as only LVH
ClasRVH or RVH represents a partial discrepancy. Analogous considera-
patterns tions are valid for the diagnostic class of combined myocardial
belonging infarction MIX with respect with AMI and IMI.

The size of the map was experimented with. Finally, the size
of 25 by 25is areasonable choice considering the size of the data

VI. GRANULAR ANALYSIS OF THE ECG DATA set as well as the interpretation results one can derive (it is worth

The complex problem of computerized diagnostic classific&0ting that this description of data is an interactive process so
tion of the ECG signal has been considered as a real exampldha user has control over the granularity of the descriptors visible
consistent ECG database characterized by a clinical validati&#ough the map). The data were normalized with the use of a
has been investigated. logistic transformation.

The CORDA database, developed by J. Willems at the There are of immediate and important observations one can
Medical Informatics Department of the University of Leuvennake on the basis of a visual inspection of the self-organizing
Leuven, Belgium [36], consists of 3253 12 lead ECGs (2140ap (especially the region map and the maps of the individual
men and 1113 women with a mean age of4%2 years). There features). We may quantify the groups in a more quantitative
were 12 standard leads (that is I, Il, lll, AVR, AVL, AVF, V1, manner as summarized in Table Ill. These groups of data are
V2, V3, V4, V5, V6). It consists only of single-disease casedescribed in terms of class homogeneity, total size, and fuzzy
with normal QRS duration and no conduction abnormalitpets—information granules capturing the data beneath the se-
Seven diagnostic classes have been considered: normal (N),IRgted portion of the map.
ventricular hypertrophy (LVH), right ventricular hypertrophy Several interesting observations can be drawn.

(RVH), biventricular hypertrophy (BVH), inferior (IMI), * The homogeneous regions in the SOM, their size and lo-

anterior (AMI), and combined (MIX) myocardial infarction. cation vis-a-visother regions help identify relationships
From the original ECG signal (12 standard leads acquired at between the classes of ECG signals.
500 Hz for a period of about 10 s), a set of 540 (45 for each In particular, a region (cluster) capturing normal signals

lead) primary measurements were computed with a computer- [region C in Fig. 15] is quite compact and shows a high
ized system, obtaining a first consistent data reduction. Asecond level of homogeneity. The region denoted by A [that in-
data reduction, according to a clinical selection and a statistical volves AMI] is quite extended and is quite distant from
selection, has been performed obtaining a set of 39 ECG fea- other regions. Similarly, region B (that captures a mixture
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a3
1 C]-0.99756

a7 a8
30m-37 152 MC]-203

al3 al4
159 -167

a26
460 IC]-392 72222 42 1-68

a3l

Fig. 16. Feature maps of the ECG patterns; the features are denoted as al, a2,

across the map.

of IMI and MIX) is apart from the other regions and occu-
pies an entire region on the upper right corner of the map.
A very different behavior can be observed for the three
other regions, that is E, H, and F. These are close neigh-
bors and all of them capture two classes RVH and BVH
but in a different mix. When moving along the map and
starting from the first one (E), there is an evident mix of
BVH and RVH. In the sequel, the next group (H) is domi-
nated by RVH while the group identified as F has a similar
dominance by RVH with some BVH.

» The identification of the groups in the map can be viewed

a5 af
1 099984 265 WC-50

all
163 M1-183

alé

a24
173 ]-117

\{\{&.&?l‘v R
AR RN
)

N
]

..., a39. The brightness scale shows the values of the featureisibatéety are dis

of the ECG classes. The map tells us what is most likely
as to the occurrence of “plain” or mixed classes of pat-
terns. Obviously, it is easy to describe (and discriminate)
between the class of normal signals (N) and others while
discriminating between class IMI and MIX (as shown in
region B) will be a difficult task (no matter what classi-
fiers we are interested in). It is easy to discriminate be-
tween class RVH when dealing with region H however
doing the same for the region E (where there is an evi-
dent mix of RVH and BVH) will be a significant classi-
fication challenge.

as a descriptive data analysis with an ultimate goal to The series of maps for each feature (feature maps) as shownin
capture the essence of the data. In this case we are intég. 16 is important sources of information by helping us visu-
ested in building concise and homogeneous descript@igze relationships between the features. A quick visual inspec-
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mix-

mix-2

Fig. 17. Density map associated with the SOM: the brighter the color, the

higher the number of the data points allocated to the corresponding neuron. The

range of these numbers is from 9 (the darkest location of the map) to O (the e B
brightest entries of the map).

mix-3

mix-2
Fig. 19.
diversity.

753

Distribution of patterns in the selection regions of the map of high

T T T T T

Region B

mix-1 Region A

05 |-
Region C

Fig. 18. Visual identification of the regions in the map of the highest diversity.

T
Region A

Region B
I

tion helps us notice that some of them are highly related (th

100 150
150

corresponding maps are very similar). For instance . . — . T
« the parameters A21 (Q amplitude in V3) and A22 (Q dura- fesion® fesion ®
tion in V3) as well as partially A19 (Q duration in V1) ex-

hibit similar behavior, showing a region with high values 40

in the upper right corner, with a correspondence (in agree Region C
ment) with the classification of region B.

Region A Region C

T T

Region A

» Some qualitative similarities can be seen considering th o L ™ ™ oo o
parameters A27(ST elevation in V6), A28 (ST slope in * ) 7
V6), and A10 (ST elevation in II).

1
80 100
115

Fig. 20. Fuzzy sets formed on the basis of the fuzzy regions (clusters) defined

» A qualitative similarity is shown by Al4 (area undelin the self-organizing map: QRS axis in AVF in 40 ms, QRS peak-to-peak

T wave in lead AVR) and A13 (ST elevation at 80 m&mplitude in V3, T amplitude in V3, R duration in AVL.
after J point of lead AVR).

Fig. 17 shows a density map illustrating how the ECG pat- Again, we emphasize that the SOM-based analysis is user ori-
terns populate the SOM In general, the data become distributeded. Itis a user who makes decisions about delineating regions
across the map quite uniformly with an exception of few entriesn the map, identify their “content” (i.e., the content in terms of
Nevertheless, the differences are not very substantial. The delasses involved) and make decisions as to expansion or con-
sity map states that there are no any problems with the learninaction of the specific region. Obviously, the homogeneity map
as there were no particularly “hyperactive” neurons during tteéong with the data density map are used to support such deci-

learning process. sion-making problem.

One may be interested in the content of the map exhibitingEach region (cluster) comes with its own granular signature
a significant level of diversity, Fig. 18. These regions carry af data in the form of the fuzzy sets of the features. A few il-
substantial level of class diversity as well as shown in Fig. 19ustrative examples are included in Fig. 20. Obviously, having
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We may envision the previous descriptive analysis to be an
important step in constructing a blueprint of any further and far
detailed fuzzy model, say a fuzzy classifier. In particular, we
may think of the regions identified in the SOM to form a certain
type of receptive fields. Then, the structure becomes evident
(Fig. 21).

What is shown there pertains to some selected classes of the
fuzzy neural architectures. The choice of the specific topology
depends upon the classification problem we are interested in.
If general classes (that is an amalgamation of RVH and BVH)
are admissible, the architecture in Fig. 21(a) is a viable option. If
such generalized class is not feasible, a blueprint of the model in
Fig. 21(b) is a good starting point. The connections linking the
receptive fields (regions in the SOM) with the output unit are
initialized based on such descriptive analysis; further detailed
learning is nevertheless required to achieve a full calibration of
the model and increase its accuracy.

VIIl. CONCLUSION

In this paper, we have distinguished between descriptive and
predictive fuzzy models and fuzzy modeling. The focal point
of these investigations is concerned with the first category of
the system modeling techniques. It is shown that at descriptive
fuzzy modeling is a highly designer-oriented activity with the
objective to make the “internal” language of the data understood
by the designer (naturally, we envision that a certain type of a
visual environment is required).

The main points worth emphasizing are as follows.

» The descriptive fuzzy modeling is aimed at allowing the
data “speak their own language” and translate these find-
ings in terms (that is information granules expressed as
fuzzy sets) so that they become meaningful to the de-
signer/user. We are after ttransparencyf the constructs
(and their relevancy in terms of enough experimental ev-
idence. The noninvasive nature of this category of mod-
eling is also apparent.

This type of modeling is predominantly user centered. It
is the designer who formulates questions and hypotheses
about the possible structure in the data, validates them on

Fig. 21. The use of descriptive analysis in forming a blueprint of predictive a basis of the granular findings. The environment in which

fuzzy models. (a) BVH and RVH merged into a single class, also class IMI and
MIX considered together. (b) BVH and RVH treated as two separate classes.

the designer operates needs to be highly interactive so that
the crucial relationships are portrayed in the easily com-
prehended format and the environment facilitates any form

seven classes and 39 features, it is impossible to display all of of the “what-if” analysis. It has been shown that self-or-
them, but even the sample shown here gives an interesting and ganizing maps augmented with additional visualization

useful insight into the meaning of the features.

vehicles (such as region/cluster and density maps) are a
suitable development environment for the descriptive data
analysis. At this point one may be tempted to automate the

VIl. FrROM DESCRIPTIVE TOPREDICTIVE FUzZzY MODELS

In light of the general taxonomy of descriptive—predictive
models, one can state that the profound majority of models en-
countered in fuzzy modeling fall under the second category. In-
terestingly, the role of fuzzy sets has been diminished there in
the sense that all design of the fuzzy models are immediately
aimed at very detailed constructs. Hence, what is really offered
by fuzzy sets, that is a global and user-friendly view at data, is ¢
not of primary concern in the predictive model.

process of building regions in the region (clustering) map
(which could not be difficult considering that it would end
up being a certain task of image processing—atfter all these
maps are just digital images). Nevertheless, we strongly
believe that there should be enough room for initiative of
the designer so there are no specific constraints imposed
on the way of perceiving the problem.

The descriptive modeling is a prerequisite for predictive
modeling (no matter what type of the model is sought
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and what development/identification technique is consid{27]
ered afterwards). The descriptive modeling may help ad-
dress crucial modeling questions as to the suitability of o8]
specific detailed mode and navigate in processes of deci-
sion-making pertinent to such detailed modeling activities[2°]

The descriptive modeling has been applied to the analysis g
ECG data. It was treated as a preliminary phase of designing of

the detailed classifiers by providing an invaluable insight into
the nature of classes, their distribution and overlap between the

31]

classes.
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