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Abstract: - In this paper the forma procedure of fuzzy IF-THEN rules extraction from histories of diseasesis
proposed. The suggested procedure envisages the optima solution growing from a set of primary IF-THEN
rules variants using the genetic cross-over, mutation and selection operations. The efficiency of the genetic
agorithm isillustrated by an example of ishemia heart disease diagnosis.
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1 Introduction

In a lot of areas of medicine there are huge
experimental data collections and it is necessary to
transfer these data into the form convenient for
decison making. Severa well-known methods like
mathematical statistics, regression analyses etc. are
usualy used for data processing. But decision
makers in medicine are typicaly not statisticians or
mathematicians. So it is important to present the
results of data processing in the easily understand-
able form for decison makers without special
mathematical background.

Fuzzy IF-THEN rules [1] allow to make the
result of data analyses easily understandable and
well interpretable. During fuzzy expert systems
development it is supposed that initid knowledge
base is generated by an expert from the given area of
medicine [2, 3]. That is why the quality of these
systems depends on the skill of medical expert.

The aim of this paper is (1) to propose the formal
procedure of fuzzy IF-THEN rules extraction from
histories of diseases and (2) to compare the results
of medical diagnosis using extracted IF-THEN rules
and the similar rules proposed by an expert. The
suggested procedure is based on the optima solution
growing from a sat of primary IF-THEN rules
variants using the genetic cross-over, mutation and
selection operations.

The efficiency of proposed genetic algorithms is
illustrated by an example of ishemia heart disease
(IHD) diagnosis.

2 Diagnostic Model Structure

According to the current clinical practice, the
complication of IHD will be defined at the levels as
follows (from the lowest to the highest): d; is the
neurocirculatory dystonia (NCD) of the light case of

complication; d, isthe NCD of the average case of
complication; d5 isthe NCD of the heavy case of
complication; d, is the stenocardia of the first
functional disability degree; ds isthe stenocardia
of the second functiona disability degree; dg is
the stenocardia of the third functiond disability
degree.

The a&bove mentioned levels dq, dg are
considered as the types of diagnosis which should be
identified.

While making the diagnosis of IHD of a
specific patient we should take into consderation
the next main parameters defined in the laboratory
tests (possible variation ranges are indicated in
round brackets where c. u. is a conventional unit):
X is the double product (DP) of pulse and blood
pressure (128, 405 c.u.); x, is the tolerance to
physcad loads (90, 1200 kGmy/min); x5 is the
increase of DP per one KG of the patient body
weight (0.6, 3.9 c.u.); x4 is theincrease of DP per
one kGm of load (0.09, 0.56 c.u.); Xg isthe max.
oxygen consumption per one kG of patient weight
(7.4, 40.9 mlitremin” kG); Xg is the increase of
DP in response to submaximal load (46, 352 c.u.);
x7 IS the adenosine-triphosphoric acid - ATP
(3448, 6949 mmol/l); xg is the adenosine-
diphosphoric acid - ADP (11.9, 294 mmoal/l);
Xg is the adenosine-monophosphoric acid - AMP
(3.6, 27.1 mmol/l); xi9 is the coefficient of
phosphorylation (1.0, 5.7 c.u.); xq1 is the ratio
factor of milk and pyruvic acid (3.9, 30.2 c.u.);
X1o Isthe age of the patient (31, 58 years).



The am of the diagnosis is to trandate a set of
specific parameters x;, X, into a decison d;

(i=T8).

The sructure of the model for differentia
diagnoss of IHD is shown in Fig.l, which
corresponds to the following hierarchical tree of
logic inference:

d = fq(xq2.y.2) , (1)
y= fy(xl,Xz,...,Xe) ) (2)
2= (%7 . Xg,%11) )

d]_ d2 d3 d4 d5 d6

()G9

Fig. 1. Diagnostic model structure

where: d isthe danger of IHD measured by levels
di, dg, Yy istheinstrumenta danger, and z is
the biochemical danger measured by the following
levels Y1. Y5, 24, Zg: L - IO\N, bA - bdow
average, A - average, aA - above average, H - high.

3 Problem Statement

Let us consider the object (1)-(3) for which the
following data are known:

- intervas of inputs (parameters of the patient state)

change: x; 1 [xi x_,] ,i=1n;
- classes of decisions d; (j=1,_m) (types of

diagnoses);
- training data (histories of diseases) in the form of
M pars of experimental data “parameters of

patient state - type of diagnose’ { Xp,dp}, where
Xp ={le ,sz,-..,xrﬁ’} is input vector in p-th pair,

p=1M.

It is necessary to transfer the available training
data into the following systems of the fuzzy
IF-THEN rules:

(D))

1) for theinstrumental danger vy:

1A

IF & =a)" QAND(XZ =a2jl)...AND Be=ag &
& o § 4
(with weight wY}) ... OR
e o KiOp D& =gk 0 % ik ol
= ~AND =a, ' =...AND -a e
%ﬁ A PR "6 ~%
(with weight WJYk_ ),
J
THEN yi yj,fordl j=15; @

2) for the biochemical danger z

IF :ail 9AND(><8 =a8j1)...AND§<11=alji %
o

(with weight wf) ... OR

S =al OanD B =2l O AND &, =a N1 W
@7 7 5 ?8 ag p ?‘11 ), H
(it weigrt W, )

THEN 2zl zj,fordl j=15; (5)

3) for the danger of IHD d:

é . . U

IF & (xlz :ale)AND(y:aﬂAND =al) g
e u

(withweight wj;) ... OR

&, =a OAND T =2 O ANDF =T X

gh2 =an| ANDEY=ay ! CANDEE=a; ! 5

(with weight ijj ),

THEN di dj,fordl j=1m, (6)

where aijp is linguigic term  for the estimation of
vaiidble x; in the row with number p=1k;,
a{}p(agp) is linguistic term for the estimation of
vaiicble y (2) in the row with number p=1k;,
and it is supposed that term a)j,p(a%p) should be
chosen only from estimates yj (zj), j=15;
Kj is number of conjunction rows corresponding to
classes dj, yj. zj; W}’p, Wiy, Wj, are numbers
in the range [04] which characterize the weight of

the expression with number jp in fuzzy knowledge
bases (4)-(6).



4 Optimization Problem

Using the methodology of fuzzy logic approxima-
tion proposed in [3] we can transfer the above
mentioned systems of IF-THEN rules (4)-(6) into
the following hierarchica mode!:

il (d) = max|w mr[mIID (x5),mP(y),mP(z ] @)
p=1Kj1 é
mP(y)= max ,leyp mn[m”o(x1 )I\g ®
p=1kj1 " i=16
mP(z)= max }wfp min. [me (x )IZ ©)
p=LkjT  i=711
mP (x)= ;2 (10)
oS
¢ Cin :

where m'i(d) is a membership function of
mP(y) (mP(2)) isa

membership function of variabley (2) to aterm a}j/p

diagnose d to aclass dj;

(alP); miP(x;) is a membership function of patient

state parameter x; to aterm a/P; bl and ¢/P are
the tuning parameters for membership function of

varisble x; toaterm alP.
Relations (7)—(10) can be described in the such short
form:

m'l (d)=m"J (X W,B,C),

where X =(xq,%5,...,X,) is vector of patient state

parameters, W = (wy,W,,...wy ) is rules weights
vector in  fuzzy knowledge bases (4)-(6),

B:(bl,bz,...bq) and C:(cl,cz,...pq) are vectors of
parameters of tuning for al fuzzy terms using in
fuzzy rules (4)-(6), N is total number of rules-
strings, q istotal number of terms.

Let us consider redtrictions on the number of
fuzzy rules (4)-(6) as following:

ki £k, Ko £Ko .y Kj £k,

where E is maximum permissble number of

conjunction stringsin rules of j -th decision class.
That is why the problem of fuzzy IF-THEN rules
extraction can be considered as finding of three
matrices presented in Tables 1-3. Each element
(b- and c-) of these matrices corresponds to he
membership function parameters and can be
interpreted as a fuzzy term (low, average, high, etc.)

Table 1. Matrix of IF-THEN rules parameters

for mode (2)
Rule IF Weight [THEN
! Xq Xg y

11 (blll 1 G}l) (bél , 0%1) V\ﬁy1

. . - y

1k, ( ]kl 'Cilkl) (blkl ]kl) Wf/kl 1
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5

Table 2. Matrix of IF-THEN rules parameters

for modd (3)

Rule IF THEN
1 X7 X11 Weight z
]| | bttct) | wh

z
1k, | oy o )| | i it )| vy
TTbr] | [ bRl v

Zs
s |67 s S it®)] v

Table 3. Matrix of IF-THEN rules parameters

for modd (1)

Rule IF |THEN
1 X12 y z |Weight d

T3] [ | e |
: dq

1k 1k 1k 1k

1 | o ) | ot | ate | o

ML bige) | aft | at | W
dm

mk_ ( Mk Cln;km) amkm | MK m| W

In terms of mathematica programming this
problem can be formulated as following. It is
necessary to find such vector of membership
functions parameters (b- and c¢-) and vector of rules
weights (w-) which satisfy the above mentioned
restrictions on the rules numbers and provide
minimum distance between theoretical (using fuzzy
rules) and experimental (using histories of diseases)



results of diagnosis. According to the most popular
in identification theory [4] mean sguare criterion of
distance our optimization problem can be
formulated as following:

M1

é.a%d(x W,BC)- min_, (1)
p=1f j=18 K
where
m 11 when dJ —dp
p

Since the problem (11) for practicaly important
cases has hgh dimenson and non-linear nature we
are using the genetic agorithms optimization
technique [5].

5 Genetic Algorithm of Optimization
For application the genetic agorithms technique it
is necessary to define the following main notions
and operations [5]: chromosome - coded versions of
solutions, population - initid set of solutions
versons, fitness function - criterion of versons
selection; crossover - operation of variants-offspring
generation from variants-parents; mutation - random
change of chromosome elements.

To describe the chromosome for parameters of
matrices (Tables 13) we use the string shown in

Fig.2, where rY, rf5, rjp are codes of IF-THEN

jp’
rule with number jp, p=1k; in(4)-(6).

To fulfil the crossover operation we are using the
exchange of chromosomes parts in each rule

ri, Tip, rjp and vector of rules weights. Total

number of exchange points equa to N+1, that is one
for each rule and one for vector of rules weights.

Fip P T Yl (Y] [Wip

i i ol i Pl Pl i i
b |e 6| b7 wa | G | [bp [0t |ay 2l

Fig. 2. Coding of parameters matrices

Mutation (Mu) implies random change (with some
probability) of chromosome elements:.

):RANDOM([O;L]) . (12

x]) . (13)

M“(W}/p’WJp’W
Mu(bl“o): RANDOM([gi

ipuo
Mu( ) RANDOMgg_,JpC Eﬂ, (14)

where RANDOM([ 1(,;]) is the operation of
random number finding which is uniformly

distributed on theinterval [ x X | .

We consider that weights (w-) of IF-THEN rules
can be or 1 (rule available) or O (rule not available)
and fitness function of chromosomes-solutions is
evaluated on the basis of (11) criteria.

If P(t) are chromosomes-parents and C(t) are
chromosomes-offsprings on a t-th iteration, then the
genetic procedure of optimization will be carried out
according to the following agorithm:

Begin
t:=0; To st theinitid populaion P(t);
To evauate the P(t) using criteria (11);
while ( no condition of completion) do
To generate the C(t) by operation of cross-
over with P(t);
To perform mutation of C(t) by operations
(12)-(14);
To evaluate C(t) using criteria (11);
To sdect the population P(t+1) from P(t)
and C(t);
t=t+1;
end,;
end.

6 Computer Experiment

The total number of patients with IHD in our study
was 65. The aim of computer experiment was to
generate three rules for each class of decison
(y-, z-, d-) according to the models (1)-(3).

The results of this optimization problem solving
are presented in Tables 4-6. According to these
tables it is easy to make interpretation of each pairs
of parameters using fuzzy terms. L-low, bA — below
average, A - average, aA — above average, H— high.
For example, according to formula (10), the pairs
(176.48, 87.80), (256.11, 25.07) correspond to
membership functions shown in Fig.3 which can be
interpreted as below average (bA), average (A).

After linguistic interpretation we can describe the
optimal solutions (Tables 46) in the form of fuzzy
IF-THEN rules matrices (Tables 7-9).

] 1
N\ A
0 T~ X 0 X1

128 405 128 405

Fig.3. Example of interpretation



Table 4. Parameters of synthesized rules for model (2)

X1 X2 X3 X4 Xg X6
(36622, 21.72) | (94193, 2.10) | (3.22, 68.30) | (043, 0.35) | (34.28, 46.38) | (275.50, 9L.01)
(176.48, 87.80) | (667.20, 0.13) | (1.84, 64.85) | (0.25,0.002) | (17.79, 95.36) | (298.45, 50.04)
(145.31, 0.12) |(109.43,50.56) | (0.81,0.26) | (0.09, 25.12) | (24.23,0.11) (65.13, 1.08)
(368.30, 49.76) | (955.80, 32.23) | (131, 46.84) | (0.17, 30.00) | (1142, 62.69) | (25102, 0.007)
(256.11, 25.07) | (128.85, 19.79) | (2.14, 0.19) | (0.32,99.29) | (4057, 84.19) | (179.88, 61.81)
(128.00,030) | (92.78,0.30) | (0.60, 141) | (0.10,022) | (7.40,008) | (199.77,7.06)
(184.79, 99.44) | (914.18, 63.55) | (2.41, 97.90) | (0.23, 41.36) | (2633, 75.84) | (227.31, 90.78)
(130.77, 14.11) | (808.73, 1.70) | (0.62, 48.37) | (0.40, 54.71) | (8.91, 47.99) | (140.10, 87.81)
(162.63,0.20) | (306.45, 49.75)| (0.66,0.35) | (0.12, 74.83) | (8.41,009) | (290.80, 73.08)
(31567, 0.65) | (123.30, 33.29)| (0.88, 96.36) | (0.28, 058) | (3353, 0.78) | (19135, 99.28)
(188.94, 9553) | (142.73,1.19) | (1.89,51.36) | (0.36,0.21) | (891, 258) | (32523, 41.56)
(128,00, 12.72) | (645.00,0.21) | (0.76,1.05) | (0.10,0.19) | (849, 6261) | (208.95, 0.87)
(202.79, 48.80) | (597.83, 11.14) | (147, 30.73) | (0.1, 7540) | (1653, 10.09) | (18523, 51.30)
(290.74, 23.38) | (434.10, 11.83) | (1.06, 73.89) | (0.46, 49.26) | (39.90, 75.29) | (277.80, 57.23)
(128.00, 1.58) | (114.98, 25.82) | (0.61, 12.60) | (0.09,0.36) | (7.74,044) | (46.00,3.19)

Table 5. Parameters of synthesized rules for mode (3)

X7 Xg Xg X10 X11 Z
(50.32, 3389) | (2056, 34.79) | (1341, 02) | (450,5260) | (2192, 9.15)
(49.71,078) | (2253,034) | (1547,9393) | (382,019 | (1659,7853) | L
(35.00,033) | (22.84,004) | (4.42,0005) | (101,1276) | (3.90,12.78)
(6231, 029) | (2691, 60.02) | (15.88, 4653) | (2.33, 71.15) | (23.56, 98.46)
(61.70,12.94) | (20.87,0.16) | (24.69,2064) | (2.75,56.82) | (24.74, 75.47) | bA
(35.01, 0.34) (11.90, 3.39) (3.66, 1.56) (1.01, 0.32) (4.29,0.37)
(49.10,0.20) | (28.09, 94.26) | (16.94,5806) | (5.32,064) | (2185, 24.64)
(65.38,10.18) | (27.74, 71.90) | (7.30,26.18) | (3.80,4565) | (20.60,019) | A
(56.45,112) | (15.71,031) | (366,350) | (248,031 | (4.10,0.10)
(5864, 51.82) | (16.84, 1584) | (4.60,014) | (471 5130) | (24.94, 7526)
(47.35,944) | (22.36,029) | (595,007 | (377,8128) | (7.91 1547) |aA
(34.66,62.71) | (11.90,024) | (5.07,2537) | (100,060) | (397, 017)
(58.72,39.23) | (28.83, 80.01) | (2440, 1580) | (5.32,92.23) | (16.79, 0.29)
(3457,033) | (1527, 69.77) | (9.24,47.34) | (4.88,9119) | (6.67,76.86) | H
(3457,012) | (11.90,032) | (384,3170) | (1.01,50.04) | (18.76,0.04)
Table 6. Parameters of synthesized rules Table 7. Fuzzy knowledge base
for model (1) ; for the instrumental danger y

X12 z | d X1 | Xo | X3 | xa | x5 | xg
38.56, 90.06 H L
E54.83, 94.82% A | R |% aA | @A | aA | @A | aA | aA
(31072525 | H | H bA| A | A | bA | DA | aA
(530,529 | aA | A L] L[bAJL | A |DbA
(51.25,985) | bA | H | d, aA | aA | bA | bA | bA | aA
(3L00,002) | A | bA AlL|A|A]|LI|A
(550L, 12241) | A | A L L] LJLI]LIA
(49.83,027) | bA | bA | 4 bA1TaA| A [bA| A | A
(3438032 | bA | ba | 3 L|aA| L |aA| L |bA
604 68) | L | A 2’2 bLA b"‘A b: a"; aAA
(3114,97.33) | bA | @A | g,
(320,023 | L | L bAl L | A|A ]| LI[IL
@234, 187 | L | bA S S O
(4680,039) | aA | @A | ¢ b/f & ﬁ al,_A bf aAA
(3296032 | L | aA

L L L L L L

®@B30,2909 | A | A
(4578,4260) | aA | @A | dg
(31.07,022) | L | bA




Table 8. Fuzzy knowledge base
for the biochemical danger z

X1

z

rrgrZRB e>r R EIr>>X

rEOr> R >R >

rErREr|m By m>r > &

rerr>RE>rr TR >

>E>rTR-ER-rRE->
>

Table 9. Fuzzy knowledge base
for the IHD danger d

X12 y Z d
bA H L

L A H d;
L H H

L aA A

aA bA H d
L A bA 2
L bA A

aA bA bA q
bA bA bA 3
L L A

L bA aA q
L L L 4
A L bA

A aA aA q
bA L aA 5
bA A aA

A aA aA q
L L bA 6

7 Comparison of Extracted and
Expert IF-THEN Rules

The separate am of our study was to compare the
results of medicd diagnosis obtained by formaly
extracted IF-THEN rules (using genetic agorithm)
and the same rules proposed by medical expert in
the field of ishemia heart disease [3].

Comparison of diagnoses for 65 patients shows
as following (see Table 10). The results obtained by
extracted IF-THEN rules are enough close to similar
results obtained by fuzzy expert system described in
[3]. Future quaity improvement of extracted fuzzy
IF-THEN rules can te reached by parameters of
tuning increasing and using the rules weights in the
interval [0,1].

Table 10. Comparison of diagnoses

Expert | Extracted
Levels of coincidences |IF-THEN|IF-THEN
rules rules
Full coincidences of computer 56 54
decision and red diagnose
Decisons on a boundary 8 9
between classes
Computer decison Is far 1 2
from the real diagnose

The number of unknown parameters in our
computer experiment was 486 and for optimization
problem solving we spent about 3 hours on
CEL ERON-450.

8 Conclusion

A specific feature of fuzzy rules bases for medica
diagnosis consists of their hierarchical character. In
this paper we propose the formal procedure for
extraction of hierarchical system of fuzzy rules for
medica diagnosis from real histories of disesses.
This procedure is based on the optimization problem
solving by genetic agorithms. Parameters of optimal
solution are forms of fuzzy terms membership
functions and fuzzy rules weghts. For the
interpretation of obtained parameters we used five
fuzzy terms. low, below average, average, above
average, high. These terms are convenient for
linguistic evaluation of a level of patient sate
parameters. A perspective direction of future
research in this field is development of fuzzy rules
extraction agorithm with arbitrary linguigtic terms
using in the medica practice.

The approach proposed in this paper can aso be
used for data processing in such fields as business,
finance, management and others where decision
makers are not mathematicians or statisticians and
prefer to work with easy understandable and well
interpretable expressions.
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