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ABSTRACT

Fuzzy set theory has a number of properties thke rivguitable for formalizing the uncertain
information upon which medical diagnosis and treatinis usually based. Firstly, it allows us
to define inexact medical entities as fuzzy sesso8dly, it provides a linguistic approach with
an excellent approximation to texts. Finally, fuzagic offers powerful reasoning methods
capable of drawing approximate inferences. These faiggest that fuzzy set theory might be a
suitable basis for the development of a computdidimgnosis and treatment- recommendation
system. This is borne out by trials performed wlith medical expert system CADIAG- 2,
which uses fuzzy set theory to formalize medidatimnships.

Keywords. Phenomenon, pathophysiological, premise, lingustittrasonic, pancreas,
carcinoma, lumbar, alphanumaric, lupus erythemataderodermia.

1. Introduction

It is widely accepted that the information avdéato the physician about his patient and about
medical relationships in general is inherently wiag@ Nevertheless, the physician is still quite
capable of drawing (approximate) conclusions frbim information. This paper describes an
attempt to provide a formal model of this processgifuzzy set theory, and implement it in the
form of a computerized diagnosis and treatmentaneoendation system.

In medicine, the principle of “Measuring everythimgasurable and trying to make measurable
that which has not been measurable so far” (Galestill practiced, although its fundamental
limitations have been recognized during the coofrtlds century.

We know that all real-world knowledge is charagtadiby :

» Incompleteness (implying that the human processgfition is infinite).

» Inaccuracy (as stated in Heisenberg's Uncertaittgiple)

» Inconsistency (anticipated by Godel's Theorem)
These facts suggest that fuzzy set theory migla beitable basis for the development of a
computerized diagnosis and treatment recommendsyiiem [1]. Tests carried out with the
medical expert system CADIAG- 2 [2, 3] are desclitvdich show that this is indeed the case.



Utpalendu Dev, Abeda Sultaaad Nirmal Kanti Mitra

2. Real-world knowledge

Precision exists only through abstraction. Abstoacmay be defined as the ability of
human beings to recognize and select the relevapiepies of real- world phenomena
and objects. However, in actual fact every real+ldvgphenomenon and object is of
course unique.

Abstract models of real-world phenomenal abjects such as mathematical
structures (circle, point, etc.), equalities=l§+c) and proposition (yes, no) are artificial
constructs. They represent ideal structures, iggadlities and ideal propositions.
Nevertheless, despite these caveats, abstractiors fthe basis of human thought, and
human knowledge is its result.

2.1. Incompleteness

Abstraction, however, is not a static concept. filozess of abstraction is continuous and
is constantly producing new results. The set operties of real-world phenomena and
objects under consideration is continually beingagyed and changed. Knowledge is
therefore always and necessarily incomplete.

2.2. Inaccuracy

Unlimited precision is impossible in the real worlhything said to be “precise” can
only be considered as “precise to a certain extent”

The pursuit of maximum precision is still an im@mt aim in science. Galileo, who is
often credited with being the father of the quatitie scientific experiment, was
certainly responsible for many scientific advanttegsugh his philosophy of “Measuring
everything measurable and trying to make measuthhtewhich has not been measured
so far”, although the limitations of this approatiould be recognized.

Heisenberg’s uncertainty principle [4] states thmits to accurate measurement very
clearly of course, the principle applies only te thorld of micro phenomena and micro
objects, but its philosophical implications go het. It shows that nature is
fundamentally in deterministic. And it seems meghias to ask whether nature
inherently lacks determinism or whether uncertagtgms only from experimentation.

2.3. Inconsistency

Abstraction does not always lead to the same mesulhich in turn are not always
interpreted in the same way. “Knowledge” may diffezcording to nation, culture,
religion, social status, education, etc., and imfation from different sources may
therefore be inconsistent. To eliminate inconsisgerom the information system is only
possible in limited systems, and Godel's theoremp ¢fearly demonstrates that
contradictions within a system cannot be elimindtgdhe system itself.

3. Medical Expert System (CADIAG- 2)

CADIAG- 2 (a Computer- Assisted DIAGnosis system)imtended to be an active
assistant to the physician in diagnostic situatitmshis way the experience, creativeness
and intuition of the physician may be supplementsd the information- based
computational power of the computer. The generatcsire of CADIAG- 2 is shown in
figure 1.
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Figure 3 (1): Structure of CADIAG- 2 with connection to a meditdormation system (dashed
lines mark components effective before startingcresultation)

3.1. Representation of medical information
CADIG- 2 Considers four classes of medical entities

» Symptoms, indications, test results, finding$ (S
» diseases, diagnoses;\D

» intermediate combinations (I\C

e System combinations (§C

Symptoms Stake values,u s, in[0,1]U¢. The value,u s, indicates the degree
to which the patient exhibits symptom (& value ofg implies that symptom;$ias not

yet been studied). In the language of fuzzy seorthe s, expresses the grade of

membership of the patient's symptom manifestatipnAB example of this mode of
representation is given in Table- 1.

A binary fuzzy relationshipR,s 0 1% X is then established, defined g (B,9) =4
for patient (B) whereR, 1M ={R,........ Pl}andSOX ={S,......... St
Diseases or diagnoses also take values in [Q) &] Fuzzy values000< Hp, < 100

represent possible diagnoses while the vaju,gjs: 100 and Hp, = 000 correspond to
confirmed and excluded diagnoses, respectively.
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Diagnoses which have not yet been considered ta&evalue Hp, =@Formally, a
relationship R, LT XA is established, defined by (R, D;) = 44, for patient R

where D; A ={D,,...... D, }-

Intermediate combinations (fuzzy logical combinati@f symptoms and diseases) were
introduced to model the pathophysiological stategatients: symptoms combinations
are combinations of symptoms, diseases and intéateedombinations. Both entities

take their values. and g, (respectively) in[01] U ¢, where @ implies that the
actual value has not yet been determined.

Table 3.1 (1) : An example of therepresentation of medical knowledge.

Quantitative valu Symptom Fuzzy value
Potassium, greatl Us = 000
decreased
Potassiun Us, = 000
decreased

Measured potassiu | Fuzzy Potassium Us, = 040

level of 5.3 mmol/1.| interpreter normal
Potassium Us, = 060
increased
Potassium Hs, = 000
greatly increased

Mg
F
100 ——
Fu==w 080 ——
interpreter
060 —— =
040 —— b
020 ——
L 1 L L 1
51 B2 3 Sa S5
Svmptoms
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The relationshipr onxk is defined by i, (R, SG)= /4, for patient B where

SC OK ={SC,,......... ,SC,} formally describes the symptom combinations obskrive

the symptom combinations observed in the patieath(lthe presence and absence of
symptoms are regarded as observations).
The fuzzy logical connectives are defined as fadow

Conjunction :
min(x;,x,) if x, 0O[01] and x, O[01]
x Ox, = ¢if x, =gand/or x,=¢
Disjunction :
max(x,x,) if x, J[01] and x, J[0]]
X1EX2= X1 if x 0[01] and x, =¢
Xo if x, =¢@and x, J[0]]
¢ if x, =gand x,=¢
Negation :

( 1-x if x, 0[01]

X L ¢itx, =@

The following relationships between medical ensitige considered in CADIAG-2:
* symptom- disease relationships{$
* symptom combination- disease relationshipsHC
* symptom- symptom relationships$$
+ diseasedisease relationships{p

These relationships are characterized by two pasme

» frequency of occurrence (0)
» strength of confirmation (c)

For a relationship between medical entities X an@iiiere X and Y may be symptoms,
diseases or symptom combinations), the frequenogadirrence describes the frequency
with which X occurs when Y is present. Similarlgetstrength of confirmation reflects
the degree to which the presence of X implies tiesgnce of Y.

The relationships between medical entities arergimghe form of relationship rules with
associated relationship tupels. The general fortimmaf these rules is :

IF (premise) THEN (conclusion) WITH (o, c).

11
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The relationship tupels (o, c) contain either nuoarfuzzy values/, and g or
linguistic fuzzy valuesd, and A_, or both [6].

The difinitions of the lingustic valued, and A_, the fuzzy intervals that they cover and

their representative numerical values are giveFaible- 2.

Representative numerical values are necessaryler to make fuzzy inferences possible
(CADIAG- 1). The way in which the linguistic fuzzyalues, the fuzzy numerical
intervals and their representative numerical valwese chosen is described in more
detail in refs. [7, 3]. Some examples of relatiopshles are given below.

Table- 3.1 (2).Linguistic fuzzy values, numericadeirvals and representative numerical
values describing frequency of occurrence and gtheof confirmation.
Freguency of occurrence

ValueA, Interval Representative Value £,
Always [1.00, 1.00 1.0C
Almost Always [0.99, 0.98 0.9¢
Very often [0.97, 0.83 0.9
Often [0.82, 0.68 0.7t
Medium [0.67, 0.33 0.5C
Seldom [0.32,0.18 0.2t
Very Seldorr [0.17, 0.03 0.1
Almost nevel [0.02, 0.01 0.01
Never [0.00, 0.00 0.0C

Unknown ¢ ¢
Stregth of Confirmation

Value A, Interval Representative Value 4,
Always [1.00, 1.00 1.0C
Almost Always [0.99, 0.98 0.9¢
Very strong [0.97,0.83 0.9C
Strong [0.82, 0.68 0.7%
Medium [0.67, 0.33 0.5C
Weak [0.32,0.18 0.2t
Very Weal [0.17,0.03 0.1
Almost nevel [0.02, 0.01 0.01
Never [0.00, 0.00 0.0C

Unknown ¢ ¢

Example- 1

IF (ultrasonic of pancreas is pathological)
THEN (Pancreatic carcinoma)

WITH (0.75=o0ften, 0.25 = weak)

12
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Example- 2

IF (tophi)

THEN (gout)

WITH (0.25= seldom, 1.00 = always)

Example- 3

IF (lower back pain » limitation of motion of therhbar spine » diminished chest
expansion ® male patient * age between 20 and d@@)e

THEN (ankylosing spondylitis)

WITH (-, 0.90 = very strong)

The valuesy, and y, are interpreted as the values of the fuzzy relatipps between
premises and conclusions:

SD; (occurrence relationshigR’ss [0 Zx A
SD; (confirmation relationshipR°s 0 Zx A
SGD; (occurrence relationshipR'sco [ kx A
SGD; (confirmation relationshipR°sco 0 kx A
SS (occurrence relationshifR’ss 0 Zx X

SS (confirmation relationshipRss 0 X x X
DiD; (occurrence relationshigR oo 0 AxA
DiD; (confirmation relationshipR°oo [0 Ax A

3.2. Fuzzy logical inference

The compositional inference rule proposed [8] aritbduced into medical diagnosis [9,
10] is adopted as an inference mechanism. It asdapty descriptions of the patient’s
symptoms and infers fuzzy descriptions of the fuzeiationships described in the
previous section.

Three such inference rules (compositions) are tsel@duce the diseases Dj suffered by
patient g from the observed symptoms S

1. Composition for ®;confirmation:
R'so =R 0 R°w 1)
defined by
He (Fy.Dj) =5 e (P, S ) Hee (S.D))1

2. Composition for ®; non-confirmation:
R’ =R, 0 (1-R°s) (2)
defined by
Mg (RyD)) =™ ™ [t (R, §)i1- te (S,D))]

13
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3. Composition for ®; without symptoms :
R’p = 1- RPS) 0Ro 3)(
defined by

’UR3PD (PQ’ DJ ) :gaXmin [1_'URPS (Pq ,S );'UROSD (S ’DJ )]

The following diagnostic results obtained:
* a diagnosis is confirmed if

,uRlpo(Pq,Dj)=1.OO (4)
* a diagnosis is possible if
0.10< He ®, D; )= 0.9¢ 5) (

The boundary value 0.10 is a heuristic value whigjects diagnoses with very low
evidence.
* a diagnosis is excluded if

'URZPD (Pq, DJ- )=1.00 (6)
Or
Hes, (Ry,D;)=1.00 @)

Symptom combination disease inferences (compositigrb and 6) are carried out and
interpreted in an analogous way. Symptom-symptdigrémces (compositions 7, 8 and
9) are computed in order to complete the patiespiaptom patterns. Disease-- disease
inferences (compositions 10, 11 and 12) are alstomeed in order to confirm the
underlying disease from the presence of the secgratanplaints or to exclude entire
areas of secondary complaints if a particular printiisease is absent.

3.3. Acquisition of medical knowledge
The knowledge acquisition system is capable of mcguinformation on medical entities
and the relationships between them. In CADIAG-e2ationships are stored as numerical
fuzzy values in the range [0, 1]. Medical infornoatican be acquired in two ways:

» through linguistic evaluation by medical experts

» by statistical evaluation of a data base contaimmglical data on patients with

confirmed diagnoses.

Information on relations can be gathered linguidljcusing predefined linguistic values
to determine parameters such as frequency of aamero and strength of confirmation ¢
(cf. Table- 2). Empirical, judgmental and definiknowledge may be acquired in this
way.

CADIAG- 2 relationships have the important propetiyvat they may be interpreted
statistically. The values of the frequency of oceocey, and the strength of

confirmationy, may be defined as follows :

14
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_F(S,ND;) _ 8
I = F (S, /D) 8)
_F(s;N D) _ 9
He = —fsy = F (D /8] )

where

F(S; ND;) --- absolute frequency of occurrence pafd O

F (D) ---- absolute frequency of occurrence ¢f D
F (S) ---- absolute frequency of occurrence of S
F (S/D;) ---- conditional frequency of; §ivenD.

F (D / S) --- conditional frequency of iven S

With definitions (8) and (9), extended statisticabaluations of known medical
relationships or as yet unidentified relationshipa be carried out using data on patients
with confirmed diagnoses.

3.4. Thediagnostic process

3.4.1. Symptoms

The symptoms of the patient can be entered into B&D 2 in three ways described in
detail in [3]:

() by natural language input of symptoms S

(ii) by natural language input of keywords thaggeér whole groups of symptoms S

(i) by accessing a data base containing the pesielata and transferring information
via a fuzzy interpreter.

3.4.2. Symptom combinations

Intermediate combinations of symptoms are evaluiait¢ige next step. Having passed the
consistency check, fuzzy values for all symptom lkimations are complete. The
resulting lists are now as complete as possibledarmibt contain any contradictions.
3.4.3. Confirmed diagnoses

The fuzzy values,UDj = 1.00, i, e, confirmed diagnoses; Dor patient B are

identified using the following equation:

He (P, D;) =100
fy =100if or (10)

fs (P,D;) =100

15
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3.4.4. Excluded diagnoses

The fuzzy values,uDj - 0-001 i, e, excluded diagnoses; Bor patient B, are
identified using :
/ /JRZPD (Pq1DJ):100
Or
,uRspD (Pq, DJ ) =1.00 (11)
Hp, = 0.00; < or
Her (Py,D;)=1.00

Or
Hegz (Py,D;)=1.00

Disease- disease relationships now allow the infaxef further diagnoses (confirmed or
excluded) :

(1001 Hgo_(Ry,D;)=1.00
/ —
Hrgs_(Py,D;)=1.00 )
U =
T ooor <O )
Uegz (Py,D}) =1.00
N N~

3.4.5. Possible diagnoses
Method 1. Fuzzy VaIuessz such thao.los,uDj < 0.9¢ indicate possible diagnoses.

These are determined as follows:

Hp, = max[/IRlpD (Pq D; );,UR4PD (Pq D; );,URloPD (Pq D; )l

16
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-

010< . (Pg,Dj) < 099

and/or

if ) 010< 4, (Pqg,Dj) < 099 (13)
and/or

\ 010< g (P, Dj) < 099

Method- 2. Because the vall,mDj calculated by (13) is independent of the rules tiaaat

be used to define ;pa powerful heuristic function is introduced whichnsiders the
number of criteria present which suggests but db aamfirm disease D and then
calculates the corresponding number of poilf’ﬂsli)i . The values ofPNDj are helpful in

judging between the various possible diagnoselsoadth the ultimate aim should be to
obtain confirmed diagnoses. The number of poiaty D, is calculated as follows :

m
PNp, :Z[ayRQSD(si,Dj)+/3yRCSD(si,Dj)] (14)
i=1
where m is the number of symptoms exhibited bypéent that occur in the definition
of D, andz+B3=1.00@ + 3 =1.00. We generally take=0.9 and 8=0.91 i.e., the
strength of confirmation has ten times more infeeethan the frequency of occurrence
on the value ofP N D, -

4. Results

4.1. Rheumatic diseases

CADIAG- 2 / RHEUMA has undergone partial tests witlata from patients at a
rheumatological hospital. A study of 69 patientshwiheumatoid arthritis, Sjogren’s
disease, systemic lupus erythematodes, Reitersasks or sclerodermia showed that
CADIAG- 2, obtained the correct diagnosis in 77.168%the cases considered. This
figure was calculated by comparing the clinicalgtieses established by the consultant at
the rheumatological hospital (assumed to be cQrreith the confirmed diagnoses made
by CADIAG- 2. Most of the cases in which clinicahdnoses could not be confirmed fell
into two classes :

® The patient was in hospital only temporarily ¢heck the efficacy of drugs
already administered.
(i) The patient was in the early stages of on¢éhefrheumatic disease considered;

in almost all of these cases a possible diagnaassssuggested.

4.2. Pancreatic disease

CADIAG- 2/ PANCREAS was tested with data from 3ltipats. The final clinical
diagnoses of these patients had not been confibmdxstological examination, but were
nevertheless assumed to be correct.

17
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Pancreatic carcinoma was confirmed twice. Confiromatvas aided by the existence of a
result “specific abnormal pancreatic biopsy”, whibas a strength of confirmation
4. =1.00for pancreatic carcinoma.

Possible hypotheses were generated for the otsescand the heuristically determined
number of points was taken as the basis for evaluat

5. Conclusion

The use of fuzzy approaches has been successiul iwork so far, which has addressed
particularly difficult problems in the medical féelnvolving classification and perception
by experts of uncertain measured parameters, augivand linguistic information. We
see future directions developing fundamental metheuch as supervised learning of
type-2 (linguistic) fuzzy sets and exploring thaipplicability in the very rich and
important area of medical diagnosis and analysis.
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