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Rough-Neuro-Fuzzy Systems for Classification

Krzysztof Cpatka, Robert Nowicki, Leszek Rutkowski, Fellow, IEEE*

Abstract: In the paper we present flexible neuro-fuzzy
systems and a method for their reduction. The method is based
on the concept of the weighted triangular norms. Moreover,
a rough-neuro-fuzzy classifier working in the case of missing
features is described.

1. INTRODUCTION

In the literature various classification methods have been
proposed (see e.g. [5]). Some of them are based on neural
networks, fuzzy systems and rough sets (see e.g. [6]-[12]). It
is well known that traditional fuzzy systems suffer from the
lack of learning properties. On the other hand neural
networks are not able to incorporate a linguistic information
coming from human experts. Neuro fuzzy systems presented
by several authors (see e.g. [4], [6]-[10],[13]-[18]) exhibit
advantages of neural networks and fuzzy systems. In this
paper we develop a new class of neuro-fuzzy systems. It is
well known that introducing additional parameters to be
tuned in neuro fuzzy systems improves their performance
and they are able to better represent the patterns encoding in
data. Therefore, in this paper we introduce several flexibility
concepts in the design of neuro fuzzy systems. Due to
additional parameters incorporated into a neuro fuzzy
system, we achieve an excellent performance of the
classification. Moreover, a procedure for reduction of
flexible neuro-fuzzy systems will be presented and tested. A
high accuracy of a neuro fuzzy classifier is demonstrated in
simulation examples. Another classifier will be studied in
the case of missing data. The rough-fuzzy sets are
incorporated into Mamdani type neuro-fuzzy structures and
the rough-neuro-fuzzy classifier is derived. An experiment
illustrating the performance of the rough-neuro-fuzzy
classifier working in the case of missing features will be
described.

II. FLEXIBLE NEURO-FUZZY SYSTEMS

We consider multi-input, single-output neuro-fuzzy
system mapping X — Y, where XcR” and YcR. The
fuzzifier performs a mapping from the observed crisp input
space X R" to the fuzzy sets defined in X. The most
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commonly used fuzzifier is the singleton fuzzifier which

maps x=[x,..x ]JeX into afuzzy set 4 cX
characterized by the membership function
1 if x=X

(x)= (M
#r) {0 if x#X

The fuzzy rule base consists of a collection of N fuzzy
IF-THEN rules in the form

R™ : IFxis A* THEN yis B* @)

where x =[x,,...,x,]e X, ye Y, 4",4,},...,4"

sets characterized by membership functions My (x[),

are fuzzy

whereas B* are fuzzy sets characterized by membership
functions 4 , (), respectively, k =1,...,N .

The fuzzy inference determines a mapping from the fuzzy
sets in the input space X to the fuzzy sets in the output
space Y. Each of N rules (2) determines afuzzy set

B* c Y given by the compositional rule of inference
B*=4'o(4" > B") 3)
where 4* = 4* x4, x...x4,", and
M (y) = 'uA,"xAxA,,"eB* (is y)
= (%)

= 1{u (). 1, (v)

where I() is an ‘“engineering implication” (Mamdani
approach) [7] or fuzzy implication [3].

Neuro-fuzzy architectures developed so far in the
literature are based on the discretization of formula

. [ vt )y

“4)

- ®)
y =
.[.UB’(J’)dy
Y
by
N ~, _,
Zy ’ﬂB’(y ) 6
)7 — r=l < ( )
> 1y (7)
r=1
where 3" denotes centres of the membership functions
,, (y),ie. for r=1...,N

(7 )= maxiu,, (7)) ™)

It has been always assumed that number of terms in formula
(6) is equal to the number of rules N . In this paper we relax
that assumption and replace formula (6) by
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2 ) ©

V=%
> (7)
r=1

where R2>1. For further investigations we choose
neuro-fuzzy systems of a logical type with an S-implication
used in formula (4) and consequently the aggregation
operator, applied in order to obtain the fuzzy set B” based
on fuzzy sets B*, is a t-norm. Moreover, we incorporate
flexibility —parameters [15], into construction new
neuro-fuzzy systems. These parameters have the following
interpretation:

1) weights in antecedents of the rules w/ e [0,1] s

i=l...,n, k=L..,N,

2) weights in aggregation of the
weelol], k=1,...,N,

3) soft strength of firing controlled by parameter ¢,
k=L1..,N,

4) soft
k=1...,N,

5) soft aggregation of rules controlled by parameter ¢/* .

In view of above assumptions, we derive a flexible

neuro-fuzzy system given by
R

Zj/ 'agrr(iﬂj/)

rules

I

implication  controlled by parameter ¢,

& ©)
R
> agr, (%.5")
r=1
where
(1 _a/:)an(/lA]k (751 ), o My (fn ))+
_ _ _ 10
G| e b ) (10
W sy Wi
Ikr(i’),},,): (1_aZ)?Vg(l_T/fi)aﬂBAffy))+ (11)
: +akS{1—Tk(x),,uBk (y’)}
(- avell, X7 ).... 1y, (& 7))+
o, o o 12
agr,(x,y )= T Il)r(x,y' ),...,IN),(x,yr); (12)
wE, LW
It is easily seen that system (9)-(12) contains
N (3n+5)+ R+1 parameters to be determined in the

process of learning. Using arguments similar to those in [17]
the following result can be shown:

Theorem 1

The flexible neuro-fuzzy system given by formulas
(9)-(12) is universal aproximator.

Now we develop an algorithm of reduction of neuro-fuzzy
systems. The algorithm is based on analysis of weights in
antecedents of the rules w7, € [01], i=1,...,n, k=1...,N,

and  weights in  aggregation of the  rules

w¥ e[01], k=1,...,N. The flowchart of the algorithm is
depicted in Fig. 1.

( Start )

Performance determination
of the initial system

Save the initial system

=

i=1; i<=n; i++

Weight w* <t/ N j
of the i-th input<1 ”
Y
[ Reduction of the 7h input |

[ Learning by a single epoch |

Performance determination
of the reduced system

Acceptable g N Restore
performance? M the initial system A

Reple;ce the initial system
by the reduced system

v
k=1; k<=N; k++

Weight w,29" of <t/ N J

the k-th rule<1

I

Y
[ Reduction o the k-th rule |

[ Learning by a single epoch |

Performance determination
of the reduced system

Acceptableg N
performance? M >

Repla'ce the initial system
by the reduced system

Restore
the initial system A

v
k=1; k<=N; k++ —
v
g i=1; i<=n; i++ I
Weight w, " of an N—p!

antecedent Ak<1
Y

[ Reduction of the antecedent AF |

[ Learning by a single epoch |

Performance determination
of the reduced system

Acceptable é
performance? M NP

Reple;ce the initial system
by the reduced system

———»( Stop D

Fig. 1. The algorithm of reduction of neuro-fuzzy systems
The flowchart in Fig. 1 comprises 3-parts. First, we
determine performance of the initial system (before the

Restore | |
the initial system A
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reduction process); for example, in acase of the
classification we determine a percentage of mistakes of the

TABLE II

SIMULATION RESULTS

system. The weights w*e[01], i=1,...,n are calculated HEART PROBLEM
. (algorithm for reduction based on analysis of weights)
using ~
L1 &, 13 1 2 3 4
Wi 7zwi,k ( ) 13/1/2/13/47 13/2/2/26/91 | 13/3/2/39/135 | 13/4/2/52/179
k=1 12/1/2/12/44 10/2/2/20/73 | 12/3/2/34/120 | 11/4/2/42/149
In subsequent stages we reduce number of inputs, number 13/1/3/13/48 | 13/2/3/26/92 | 13/3/3/39/136 | 13/4/3/52/180
of rules and number of antecedents. 12/1/3/12/45 | 10/2/3/19/71 | 11/3/3/29/106 | 12/4/3/47/165
Th fu " . imulated Heart 4 13/1/4/13/49 | 13/2/4/26/93 | 13/3/4/39/137 | 13/4/4/52/181
¢ nheuro-tuzzy system 1S - Simulated on  Hear 12/1/412/46 | 12/2/4/24/87 | 11/3/4/26/98 | 13/3/4/39/137
problem [16].
The Heart problem contains 270 instances and each TABLE I1I
. . . . . SIMULATION RESULTS
instance is described by thirteen attributes (age, sex, chest
pain type, resting blood pressure, serum cholestoral in ) HEART PROBLEM i
mg/dl, fasting blood sugar > 120 mg/dl, resting (algorithm for reduction based](\)]n analysis of weights)
electrocardiographic result, maximum heart rate achieved, R I > 3 7
exercise induced angina, oldpeak = ST depression induced 5 1% 32% 20% 20%
by exercise relative to rest, the slope of the peak exercise ST 5% 17% 10% 16%
segment, number of major vessels colored by flourosopy, 3 5% 30% 32% 32%
-1% 11% 15% 27%
tha). There are two classes: absence or presence of heart % 79% 4% 3%
disease. In our experiments, all sets are divided into a 4 2% 25% 10% 1%
learning sequence (189 sets) and a testing sequence (81
g seq ( ) g seq ( TABLE IV
sets). SIMULATION RESULTS
The experimental results for the Heart Problem problem
are depicted in tables I, II, III, IV, V. In Table I we show the . HEART PROBLEM .
A N . A (algorithm for reduction based on analysis of weights)
percentage of mistakes in the learning and testing sequences N
before and after reduction, e.g. for y =2 and R =3 we have R 1 2 3 2
11.11%/11.11% for the learning sequence before and after 2 X, Xyr Xy X %o Ap A |Xs X A A
reduction and 14.81%/14.81% for the testing sequence X0 X Abs AL
. _ _ o _ 1 4 s 6 _
before and after reduction. In Table II we present number of 3 X, X0 X0 X0 Al A, 2 X0 4
inputs, rules, points of discretization, number of antecedents E— 17 1
and number of parameters before and after reduction. In Yo X Ao Ay
. . . X X 1 2 2 o
Table I1I we show degree of learning time reduction [%] and 4 5 X Ay A Ay rule,
degree of learning time reduction per a single parameter [%] A Ay
for a reduced system. In Table IV we present reduced inputs
and antecedents. In Tablle v we. deplct. percentage of TABLE V
neuro-fuzzy systems having a particular input (attribute) SIMULATION RESULTS
after the reduction process and percentage of inputs -
. . . EART PROBLEM
(attributes) corr.espondmg to a particular neuro-fuzzy system (algorithm for reduction based on analysis of weights)
after the reduction process. NI 1T 1T 1121212131313 1214713
TABLE I lf 2 3 412 3 4 2 3 412 3 4 _
SIMULATION RESULTS lvi]v v R VvV [
Llv]iv]v]v v vi|iv]|v]yv v | 8%
HEART PROBLEM — 100%
(algorithm for reduction based on analysis of weights) s VIVIVIVIVIVIVIVIVIVIY v °
R N adl v v v | 25%
1 2 3 4 Xs| v ]| v |V vi|iv]|v]v vi|v|v v | 92%
13.22%/13.22%[12.16%/12.16%[10.58%/10.58%[11.64%/11.64%| [T [ v | v | v | v | v | v | v | v | v |v | v ]| v |100%
16.04%/16.04%]|14.81%/14.81%|14.81%/14.81%(12.34%/12.34% — -
13.22%/13.22%|11.11%/11.11%]|10.58%/10.58%)|10.58%/10.58% P VIVIVIVIVIVIVIVY v | v 9%
14.81%/14.81%]|14.81%/14.81%|14.81%/14.81%|12.34%/12.34% X | v v \% v \% \% v | v % \ v | 92%
13.22%/13.22%]| 1 1. 11%/T1.11%| 9.52%/9.52% |12.34%/12.34% Slv v v |v|vlvlivlv]v]|v]v] v [10m%
14.81%/14.81%]|14.81%/14.81%|14.81%/14.81%]| 9.87%/9.87% —
Xo| v v |v ]V vi|iv]v]v vi|v|v v [100%
Xyl viiv]v|v]v]|v|v]v]v]Vv|]yV v [100%
Xp|l V]iv|v]v|v]|vVv]v|v|v]vVv]V v [100%
Xp|l v v ]v]v vi|iv]v]v vi|v|v v | 100%
92% [ 92% | 92% | 77% | 77% [ 92% [ 92% | 85% | 85% | 85% | 92% | 100%
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III. ROUGH-NEURO-FUZZY SYSTEMS

In this section we will develop a new algorithm for
classification in the case of incomplete knowledge about
classified object. The main idea is to combine fuzzy methods
with the rough set theory. The goal of classification is to
determine if the object or state x belongs to class @, or not.

The number of classes is m and j=1,...,m. Thus the
classifier can take one of two decisions: xe @; or x¢ @, .

The decision is taken based on known values of classified
object features. The features can be represented as vector
J, the values of features, as vector

v =[v1,v2,...,vnD

v, =[\7],\72,...,17”DJ. The n, is the number of known
feature values.

Let us assume that the neuro-fuzzy classifier comprises
knowledge in the form of fuzzy rules and it works
satisfactorily enough when its inputs receive the values of
the attributes of all the classified objects, which were taken
into account in the design process. Our goal involves
developing a transformation of that classifier, so that it could
also work when some data are unavailable.

In definition of the rough sets a notion of equivalence
class [x] r 1s very important. It is defined as follows:

Definition 1

The equivalence class [fc] r 1s a set of elements xe X
which are related with object x by relation R. It is
expressed as follows

(], ={xe X: 2Rx], (14)
where R is equivalence relation i.e. any relation satisfying
reflexivity, symmetry and transitivity conditions.

Definition 2
Let us assume that 4 is a set defined in space X. The

rough set 4 is defined as a pair of sets (B(A), E(A)) where

R(A) is R -lower approximation of set 4 and E(A) is R -

upper approximation of set A . They are defined as follows
[11],[12]
R(4)={xe X:[x], c 4} (15)
and
R(4)={xe X:[x], n 42D} (16)
The set A and its lower and upper approximations fulfill the
inequality
R(4)c Ac R(4) (17)
Description of each object xe X is realized through a set of
n features Q ={v,,v,,...,v, } . The features can be also
written down as a vector v= [vl JVasenn ,v”] . The value of the
features is depicted as a vector V= [\71 WVaseen ,\7,,] . The value
of feature v, of object x is expressed as value of

information function family f,

v, =f.(v), (18)

where i=1,...,n, v,eV, and V=V XV, x..xV, . The
quadruple S7 = {X, oV, f } is called information system
[11],[12].
Let us isolate the subset D < Q of features. Then we can
define the D -indiscernibility relation as follows
xDi & Vv, e D; f.(v,)=f.(v.),

where x,xe X.

(19)

When we apply the D -indiscernibility relation as
equivalence relation in Definitions 1 and 2, we can define

the D -lower approximation of set A4 and the D -upper
approximation of set 4 as
D(4)={xe X:[x]; c 4} (20)

and

5(A)={xe X: [x]5 N A ¢®}.
Definition 3
Fuzzy set A defined in nonempty universe X is a set of
pairs

e2))

A={(ep, (x)sxe X}, 22)
where
u, X [01]
is the membership function.
Referring to terms defined above in this section we can

equate object x membership with its features value

(23)

V= [\71,\72,...,\7"] membership. So we can use
interchangeably x or v= [\71, \72,...,\7n] and we may as well
define fuzzy set as
A={V.1,(¥)kve v} (24)
where
i,V [0]]
is the membership function.
Let we note that object x is not equal to its features

values v, however

(25)

H, (x) =H,y (V) = ‘Z:IUA, (‘_’i ) > (26)

where A=A x4, x...xA,, T isany t-norm.
Definition 4
The rough-fuzzy set is a pair (BA,RA) of fuzzy sets. RA

is a R -lower approximation and RA is a R -upper
approximation of fuzzy set A< X. The membership

functions of R4 and RA are defined as follows

Hgs(¥)= inf g1, (), 27

p, (%)= Sup 4, (x). (28)

vel#l,
For future deliberations let us consider the case when the
features v, are the real numbers.
Theorem 2
If we assume that fuzzy set A4 is defined by equations
(26) then the membership function of its
approximation is given as follows

D -lower
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w G T it ) @)

iv,eGveV,

ﬂgA(x):T{ r

iveD" T

The membership function of its D -upper approximation is
given by formula

’UBA (X) - T{’:VZ;D 'uA" (‘_}I )’
The description of the neuro-fuzzy classifier is given by
N
S zu, )
r:;v - .
21, ()
r=1

Obviously, equation (31) is almost identical to (6), except

(30)

Amerev

T sup i, (Vi )} :

Z;=

€2))

for variable z; instead of y7. However, using assumption

;%@)=¥ itz =5 62

i 0 if z,#z;
we can pass over the connection in structure when z; =0.

So we obtain description of a much simpler architecture of
neuro-fuzzy classifier:

gumw>

_ r:iﬁ:l - )
>, )
r=1

In this section we study the neuro-fuzzy classifier in a
specific situation i.e. when not complete information about
object is available. Let we assume that:

a) The classifier is set up and was developed for n
features of classified objects. O denotes the set of all

Zj

(33)

features of objects used in the course of system developing.
b) In the course of object x classification only values of

n, <n features are known. Dc O denotes the set of
features which values are known. G =Q\ D denotes the set

of features whose values are unknown.

The classifier defined by (6) does not work in such
situation. Our goal is to define the special version of neuro-
fuzzy classifier which could work in the described situation.
In the proposed classifier we use the rough-fuzzy set, so the
system is called rough-neuro-fuzzy classifier.

It is obvious that if we assume various values of unknown
features v, , we obtain various values of z; as the output of

neuro-fuzzy classifier. In most cases it is not possible to test
all values of vector v,. However, it is enough to find the

smallest possible value of z; denoted as z; and the highest

one denoted as g . This notation refers to notation of rough

sets and rough-fuzzy sets. Value z,

is the membership

degree of the object x to D -lower approximation of class

o,

Hg, ()=, (34)

and E_] is the membership degree of object x to D -upper

approximation of class @,

#, ()=, (39)

Theorem 3

Let us consider the neuro-fuzzy classifier defined by
equation (6). When assumptions a) and b) are satisfied, the
lower and upper approximation of the membership of object
x toclass @, is given by

5= (36)
>u, )
r=1
and
N
2 4, (V)
r=1
p— rz;=1
e — (37)
2u, )
r=1
where 4] and 4, are defined as follows
DA" if z/=1
L=4= ! (3%
DA" if z;=0
and
A = QA‘ if zj:=1. (39)
DA" if z;=0

When in equations (36) and (37) we replace 4, and A
with (38) and (39), respectively, taking into account
assumption (32) we obtain a more general description of
rough-neuro-fuzzy classifier:

7= = (40)

;E;y@ (V)+;—.z/,um, )
and
N — —

_ 275, )

E/’ =N = N 4 (41)
ZZ;,uiA, (V)+> =z, (V)
r=1 r=1

where —z] =1-z;.

If we need a crisp answer we should apply an appropriate
defuzzification method. We suggest to use the following
method

Definition S

Let Z_j = MU, (x) be the lower approximation of

membership degree of object x to class @, and

Z; =M (x) be its upper approximation. Let as fix two
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numbers  (thresholds) z, and z,,, such that TABLE VI
. . . SELECTED SAMPLES OF WBCD
1>z Zzo5; >0. Then the crisp decision is defined as _
follows X A% correct conclusion
\t
. _ - X [3,1,1,1,2,1,3,1,1] XE Wy, XE Oy
XE W, if z,2zyandz, >z
! - Z x, | [833,1,2232]1] | X€G,XE Oy
XE o, if  Z<zoyrandz; Szpy X | [89.9.535771] | X€ @, x¢E By,
pethapsxe @, if zy >z, 2z5andz; >z, (42) X, | [53.3.3,6,103,1,1] | X€ @, X€ @)y,
perhapsx¢ @, if z,<zgandzgy <z, <z, X | [433,12,133,1] | X& 0y, XE Dy
undefined otherwise Yo | [688,1,343,T1] | Y& By XE By
. x [10,4,3,13,3,6,52] | X€ @, x¢& @,
When we assume that z,, = z,,; =2, equation (42) takes ’ no e
he f Xg [53,3,1,3,33,33] | X€ @&y, XE Doy
the torm
f 2 >landz >4 TABLE VII
XE w,; 1 ‘=2 andz; >3 RESULT FOR ALL AVAILABLE FEATURES V,,...,V,
. — 1 p—_— 1
X€ W, if z,<zandz, <5 (43) — — :
undefined " otherwise x ZinsZan Zhestny > Zhcalty conclusion

1 006,006 | 094,094 | xew,xca,,

lihy

The performance of rough-neuro-fuzzy classifier (40),
b & Y (40) L | 053,053 | 047,047 | xe@ e,

(41) will be tested on the Wisconsin Breast Cancer problem

(WBCD). Data contain 699 instances (of which 16 instances s | 100,100 ) 000,0.00 Y€ Do XE Dhcany

have a single missing attribute) and each instance is x, | 074,074 | 0.26,0.26 XE By, XE By
described by nine attributes (clump thickness, uniformity of xs | 035,035 | 0.65,0.65 XE @, XE B
cell size, uniformity of cell shape, marginal adhesion, single X, | 061,061 | 039,039 XE W)X E Dy

epithelial cell size, bare nuclei, bland chromatin, normal

. R K X 0.88,0.88 0.12,0.12 XE Wy, XE Oy
nucleoli, mitoses). We removed those 16 instances and used ! : “’

X | 073,073 | 027,027 | xew,.x2 @y,

the remaining 683 instances. Out of 683 data samples, 444

cases represent benign breast cancer and 239 cases describe TABLE VIII

malignant breast cancer. The problem is to classify whether RESULT FOR EIGHT AVAILABLE FEATURES ,,...,V,,V,
a new case is a benign (class 1) or malignant (class 2) type —

of cancer. In our experiments, all sets are divided into a * ZisZn Zheatny> Zheainy conclusion
learning sequence (478 sets) and a testing sequence (205 x | 005,023 E’ 095 XE Oy xE By,
sets). x, | 0.41,0.69 0.31,0.59 no conclusion

Table VI contains the eight demonstration instances

. . . . . . @y, X & d
patient. The first four instances come from sequence used s | 100,1.00 | 0.00,0.00 *€ Gy XE Bheatny

for designing of system and the other four instances come X, | 059,085 ] 0.15,041 | XE By, X& Dy
from testing sequences. For each instance we take the value x; | 0.17,0.53 0.47,0.83 no conclusion

of each feature and membership of particular classes (@, X, | 0.58,0.61 0.39, 0.42 XE W, XE By,
and @y, )- Tables VII-XI show the result of classification X; | 0.86,092 | 0.08,0.14 | X€@,X¢ Dy,
in case when various set of attributes is available. In Tables ¥s | 0.60,0.76 | 0.24,0.40 XE Wy, XE By

XII and Figure 1 we show the percentage of correct
classification, no classification and incorrect classification
for different sets of known features, both for sequence used

TABLE IX

RESULT FOR EIGHT AVAILABLE FEATURES V,,V;,...,V,

Zins Zin Zhealthy » Zhealthy conclusion

for designing (d) of system and sequence used for testing (t). x

IV. FINAL REMARKS . | 0.04,0.24 0.76, 0.96 XE W0, XE ey

, | 0.26,0.63 0.37,0.74 no conclusion

In the paper two neuro-fuzzy systems have been studied.

Flexible neuro-fuzzy system presented in Section II are 2 | 099,100 | 000,001 | x€ Y& Dy

universal approximators. Rough-neuro-fuzzy systems X, 029,082 | 0.18,0.71 no conclusion

derived in Section III can be applied in the case of missing x5 | 022,046 | 0.54,0.78 | X& @y, XE By

data. X, | 044,072 | 028,056 10 conclusion
X 0.42,0.98 0.02, 0.58 no conclusion
X 0.25,0.82 0.18,0.75 no conclusion




Proceedings of the 2007 IEEE Symposium on
Foundations of Computational Intelligence (FOCI 2007)

(1

[2]

B3]

(4]

(3]

(6]

(7]

(8]

9]

TABLE X
RESULT FOR SEVEN AVAILABLE FEATURES ViseunsVy

x ZusZan Zheathy > Zhealthy conclusion

x, | 0.04,0.29 0.71,0.96 X& 0y, XE W)y,
x, | 0.22,0.78 0.22,0.78 no conclusion
x; | 1.00, 1.00 0.00, 0.00 XE By, XE Wy
x, | 0.33,093 0.07,0.67 no conclusion
X5 0.12,0.61 0.39,0.88 no conclusion
X, | 0.53,0.77 0.23,0.47 XE Wy, XE Byoyyyy
x, | 0.61,1.00 0.00, 0.39 XE Wy, XE Oy
X 0.23,0.86 0.14,0.77 no conclusion

TABLE XI

RESULT FOR FIVE AVAILABLE FEATURES Vi3 VgseeesVy

x ZusZan Zheathy > Zhealthy conclusion

X, 0.01, 1.00 0.00, 0.99 no conclusion
X, 0.05, 1.00 0.00, 0.95 no conclusion
x; | 0.82,1.00 0.00,0.18 XE Wy, XE Wy
x, | 0.02,0.97 0.03,0.98 no conclusion
X 0.01,0.99 0.01,0.99 no conclusion
Xs | 0.05,0.98 0.02,0.95 no conclusion
x; | 0.03,1.00 0.00, 0.97 no conclusion
X | 0.02,0.98 0.02,0.98 no conclusion
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