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ABSTRACT

The term medical knowledge is a superimposed cdrfoeghe relationships between
symptoms and diagnoses a physician may find in §gakirnals, monographs, but also
in practical experience. In the second half of288 century medical knowledge was also
stored in computer systems. To assist physiciansnéulical decision- making and
attendance medical expert systems have been coestrthat use the theory of fuzzy
sets, which was founded in 1965 by Zadeh. The ptemicle delineates two specific
pathways resulting from a bifurcation in the higtof applied fuzzy expert systems in
medicine. This bifurcation occurred in the 197@isthe history of the theory of fuzzy
systems, when Zadeh published the “rule of max-ndomposition” and other
researchers applied this rule in different are&ss Was the origin of two research areas :
fuzzy relations, introduced by Elie Sanchez in Male. Later on both concepts were
used to construct medical knowledge-based systemmadicine. We present two
Viennese systems representing these concepts:fulaey“version” of the Computer-
Assisted DIAGnostic System (CADIAG) which was depdd at the end of the 1970s,
and a fuzzy knowledge-based control system, FuzxyK&n, which was established as a
real-time application based on the use of a Pabatd Management System (PDMS) in
the intensive care unit (ICU) in 1996.

Keywords: Phelonephritis, chills, hematology, diagnosis, Blatlyy, antecedent,
consequent, susceptible, robust, ventilation, raspiy.

1. Introduction

The history of computerized medical diagnosis ikistory of intensive collaboration
between Physicians and Mathematicians respectiielgtrical Engineers and Computer
Scientists. In the late 1950s Ledley and Lustedligibd Reasoning Foundations for
Medical Diagnosis [1], Lipkin and Hardy [2], anddley [3], wrote on the methods for
the use of card and needle systems for storageclasdification of medical data and
systematic medical decision- making. In the 1960d 4970s various approaches to
computerized diagnosis arose using Bayes rule][4fabtor analysis [6], and decision
analysis [3]. On the other side artificial intelitce approaches came into use, e.g.,
DIALOG (Diagnostic Logic) [7] and PIP (Present #s Program) [8], which were
programs to simulate gathering and diagnosis udatgbases in form of networks of
symptoms and diagnoses.
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2.1. Medical knowledge

We use the term “symptom” for any information abdié patient’s state of health,
anamnesis, signs, laboratory test results, ultiagesults, and X- ray findings. Based on
this information a physician has to find a listdidignostic possibilities for the patient. To
master this process he had to study many relatipnshf obligatory or facultative
proving or excluding symtoms for diagnosis in boaksl journals and in his practical
experience. These certain information about reiatigps that exist between symptoms
and symptoms, symptoms and diagnoses, diagnosediagiioses and more complex
relationships of combinations of symptoms and disgs to a symptom or diagnosis are
formalizations of what is called medical knowledge.

In 1976 in Toronto, Canada, Alongo Perez-ojedaedathis network linked by
logical relations “medical knowledge”. The basiaiception of his master thesis Medical
Knowledge Network. A Database for computer Aideddbiosis was the representation
of “Medical knowledge” using an associative modethe human memory.

Perez-Ojeda designed a prototype system to beiostm search for an adequate
strategy to simulate an approximate reasoning miadelkedical decision- making and he
gave examples of typical elements of medical kndgde([9], P.32):

e “Arunny nose is almost always present in a comeaid”.

» “Acute phelonephritis and infection”.

» “Acute pyelonephritis presents occasionally feeerchills, and malaise”.

The diseases common cold and acute pyelonephaigtipresented by the abbreviations
D; and 3 and runny nose, fever, bladder irritation, infeatichills, and malaise by &
Ss. Therefore the network of medical knowledge coldd graphically constructed by
elementary knots and arcs.

However, Perez- ojedamodeled the relations (usuatigasionally, and almost
always) by mathematical probability modifiers :

almost always

D: > S
usually
D, > SAND S,
occasionally
D, > (SORS)AND S

Figure 1. Examples of elements of the network of medical Kedge.

2.2. Computer- assisted diagnostic (CADIAG- 1)

In the nineteen- sixties and- seventies, the Deypant of Medical Computer Sciences of
the University of Vienna Medical School at the fienGeneral Hospital envisaged the
development of a computer assisted diagnostic mydteat did not use stochastic
methods. “It was intended to develop a system whghot based on statistical

assumptions like normal distribution, mutual indegency of symptoms, constant
probabilities of symptoms in different populatioasd at different observation times.
There is no need for information about the freqyemclack of certain symptoms with
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the sick or the healthy. Therefore rare complaares considered as well as frequent
diseases” ([10], P.141).

In 1976, the second generation of the system weaslaged on the basis of three-
valued logic. Here, in addition to symptoms andgdi@ses being considered to be
diagnoses are also included. For this system krasv@ADIAG- I. (Computer Assisted
DIAGnostis, version- ), the following relationskifpetween symptom {Sand disease
(D;) have been defined:

» Op: Sis obligatory occurring and proving for.D

» E: §forces obligatory exclusion of;D

* FP: Sis facultative occurring and proving for.D

+ ON: Sis obligatory occurring and not proving foy. D

* FN: Sis facultative occurring and not proving foy. D

* NK: A specific relationship between the symptom tireddisease is not known.

With three- valued logic these relationships coloéd expressed in the form of three-
valued logic operators : the symptam’s values cdiddpresent (1), absent (0), or not

investigated(%) , Whereas the possible diagnoses’ values coulddszpt (1), absent (0),
o1
or pOSSIble(E) :

As an example we show here the three-valued logib table of the relationship
OP (S is obligatory occurring and proving; fust be present for;@and $ proves B,

S = Dj')

D.
: 0 1 1
S 2
0 1 1 0
2
1 1 1 1
2 2 2 2
1 0 1 1
2

Figure 2. Three- valued logic truth table of OB; = D,

Here only a brief review may show their logical lgais of this diagnosis process :

X Yy e are used to represent ‘attribut@spatient may have an attribute such
as, for instance, a sign ‘fever’ or a discase ‘pnenia’.
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» Corresponding capital letters X, Y, ........... re aised to represent statements
about these attributes.

» For example : Y represents the statement “The qiati@s attribute y”.

* Negation— Y : “The patient does not have attribute y".

» The combination X.Y represents the combined staterfiehe patient has the
attribute x and the attribute y".

* The combination X+Y represents the combined stateni€he patient has
attribute x or attribute y or both”.

» The statement “If the patient has attribute x therhas attribute y” is symbolized

by X =Y.
With only two attributes, symptoms (S) and disedBgsthey defined
S (i) means “The patient has symptonsi,2,....... , N,
D (j) means “The patient has diseasg[l,2, ............. , m.

From a diagnostic textbook they took abstract exars@tements :
If a patient has disease 1 and not disease 2,
then he cannot have symptom 2
D®.-D2) = -S(2
If a patient has either or both of the symptoms,
then he must have one or both of the diseases
S+S(2)=D@O®+D(2
To consider in general, more than two attributexj enore complicated expressions
Ledley and Lusted used ‘Boolean functions’ f (X,.Y.,....).

2.3. Medical knowledge as a fuzzy relation

A more far-reaching concept of modeling relatiopshietween symptoms and diseases was
introduced in 1974 by Elie Sanchez from MarseHignce, in his human biological doctoral
thesis Equations de Relations Floues [11]. Sanglaemed “to investigate medical aspects of
fuzzy relations at some future time” ([12], p.47).

In 1979 he introduced the relationship between $gmp and diagnoses by the
concept of ‘medical knowledge’' : “In a given patbhgy, we denote by S a set of
symptoms, D a set of diagnoses and P a set ofnpati&Vhat we call “medical
knowledge” is a fuzzy relation, generally denoteg R, from S to D expressing
associations between symptoms or syndromes, awgghatias, or groups of diagnoses”
([13], P.438). Sanchez adopted Zadeh's max-min-omitipnal rule as an inference
mechanism. It accepts fuzzy descriptions of theéeptis symptoms and infers fuzzy
descriptions of the patient’s diseases by meantheffuzzy relationships described
earlier. If a patient's symptom is 8en the patient’s state in terms of diagnoses is
fuzzy set Dwith the following membership function:

Hp, (d) =max min{ys (s); 4x(s,d)}, sUS,dUD.

Uz (s,d)is the membership function of the fuzzy relatiometlical knowledge”.

With P, a set of patients, and a fuzzy relation r@mf P to S, and by ‘max-min
composition’ we get the fuzzy relation T =@ with the membership function.
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4y (p,d) =max min{i, (p,s); 4x(s,d)}, pOP,s0S,dOD.
This new fuzzy version of the computer assistedgrbiatic system, CADIAG- 2,
appeared in 1980. In Adlassnig’'s fuzzy logical mode computer- assisted medical
diagnosis, all symptoms. [J S are considered to be fuzzy sets of different usi® of

discourse X with membership functiorg, (X), for all xO X, indicating the strength
of x's affiliation in §, while all diagnosed); 1D are considered to be fuzzy sets in the

set P of all patients under consideration, WWbl (p) assigning the patient p’s

membership to be subject t¢. D

To describe medical knowledge as the relationsbivéen symptom;&ind disease
D;Adlassnig found two fuzzy relationships, namelyuweence — how often does &cur
with D;? And confirmability how strongly does &onfirm D? — ([14], p.225). These
functions could be determined by

» linguistic documentation by medical experts and
* medical database evaluation by statistical meaascombination of both.

In both ways to determine these fuzzy relationgdbiaeen symptoms and diagnoses, occurrence
and confirmation, they have been defined as fuets: 8Vhen physicians had to specify these
relationships by only giving answers like alwaysnast always, very often, often unspecific,
seldom, very seldom, almost never, and never,dhese fuzzy sets which have been defined by
Adlassnig's determination of their membership fianst In the case of medical databases, the

membership functions’ values of occurrence andiroaafility could be defined as relative
frequencies.

1 | WA - a,l i =
0.9 () NN o SNk !
0.8 \ R ! ) R i )
0.7 || R ) Al
0.6 || | Y
0.5 \ PR , !
0.4 \ R A :
0.3 - RN S '
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0.1 y S e /
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Figure 3. Membership functions of the fuzzy sets occurrenffermer presence P) and
confirmability ¢ (former conclusiveness ¢)
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Thus, in CADIAG- 2, the fuzzy relationships betwesymptoms (or symptom
combinations) and diseases are given in the formrutds with associated fuzzy
relationship tupels (frequency of occurrence @rsjth of confirmation c); their general
formulation is ([15], p.262):

* |F antecedent THEN consequent WITH (o, c)

In particular, the following fuzzy relationships igx ([15], p.262;K=set of symptom
combinations S :

S, D, (occurrence relationshig®’sp [0 Zx A

S, D; (confirmation relationshipR®sp 0 Zx A

SG, D (occurrence relationshigR"sco [ K X A

SG, D, (confirmation relationshipR®sco [ K X A

S, § (occurrence relationshigR’ss [0 Zx X

S, S (confirmation relationshipR°ss 0 Z x X

D;, D; (occurrence relationshigR oo [0 AxA

D;, D; (confirmation relationshipR°oo [0 Ax A

To deduce disease®; [ D suffered by patientB, LJP from observed symptoms

S, 0 Sin CADIAG- Il we use three max-min- compositionsiigerence rules :

* hypothesis and confirmatioR'pp = Res © R°sp defined by
'uRlpo (Pk' Dl) = max min{tuRps (Pk ' SI );luRc (S| ' Dj )}

* exclusion (by present symptomB)’rp = R, o (1— R°sp) defined by
'URZPD(Pk’ D) =maxmini (R, S)1-He (S.D))}
* exclusion (by absent symptom&’ro = (1—- R.)  R°spdefined by

ﬂlr\;ng(Fl)(’ DJ) = maxmln{l_lLﬁ:S(Fl)(! SI)’/'{F\DSD(SI’ DJ )}

CADIAG - 2 was very successful in partial testsgejn a study of 100 patients with
rheumatic diseases; CADIAG- 2 elicited the corré@gnosis in 94% ([15], p, 264).
More results can be found in [14, 15].

2.4. Fuzzy control in medicine

Fuzzy control techniques have recently been appli@drious medical processes such as
pain control [16] and blood pressure control [1F]zzy control compared to classical
control theory (PID control), which is a Fuzzy loghpproach to control, offers the
following advantages [18, 19].

* |t can be used in systems, which cannot be easibdeled mathematically. In
particular, systems with non linear responses #rat difficult to analysis may
respond to a Fuzzy control approach.
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* As a rule based approach to Fuzzy control carused to efficiently represent an
expert’s knowledge about a problem.

* Continuous variables may be represented by Istguiconstructs that are easier to
understand, making the controller easier to undedstmaking the controller easier
to implement and modify. For instance, instead g numeric values temperature
may be characterized as “cold, cool, warm, or hot".

* Fuzzy controller may be less susceptible to systemise and parameter changes; in
other words, they will be more robust.

* Complex processes can be controlled by relatifely logical rules, permitting an
easily comprehensible controller design an fastemputation for real- time
applications.

In other words, fuzzy control can be best appleegrbduction tasks that heavily rely on
human experience and intuition, and which therefode out the application
conventional control methods. The use of Patierth Déanagement Systems (PDMS) in
Intensive Care Units (ICU) since 1992 has madeossible to apply fuzzy control
applications in real-time in this medical field.

Mechanical ventilation is such an example. One @sgpof mechanical
ventilation is to achieve optimal values of artefa-partial pressure (Ppand arterial
CO,- partial pressure (PGPwhile ensuring careful handling of the lung:

* F,0,<60(else oxygen toxicity)

* Low inspiratory pressures; 935 (else barotraumas)
* Small shear forces equivalent to small tidal voés (else volume trauma)
* Prevent atelectasis formation (else shear foatesopening).

In addition the patient has to be carefully haddle order to avoid cardiac failure and
respiratory muscle fatigue. Both of these condgibave to be observed if the heart rate
or the respiratory rate increases. The valug gi@tes whether the nation sufficient,(i©®
not continuously available because it would entdiing a blood sample. ©saturation
(SpGy) provided by pulsoximetry is more convenient beeaBpQ is permanently
available. pC@ states whether alveolar ventilation is sufficiesimilarly, the end-tidal
CO, (EtCQ) is permanently available, but at the disadvantagfebeing an indirect
measure of p® Thus of the weaning system are $pdd EtCQ. For instance, the
Biphasic Positive Airway Pressure (BIPAP) contrdllmode is an integrated mode of
ventilation of Evita ventilators (Evita, Drager, theck, Germany).

This mode allows spontaneous inspiration duringithele respiratory cycle and
thus permits a very smooth and gradual transitimmf controlled to spontaneous
breathing. Ventilatory adjustments are based onpregsure levels: inspiratory pressure
(pi or Rigr) and expiratory pressureg® R,,); on two durations, inspiration time)(and
expiration time ), as well as on the fraction of inspired (5;0,). Within this mode,
five parameters can be adjusted.

BIPAP was first described in a study published 989 by a group led by M.
Baum and H. Benzer and it was incorporated in titakventilator in the same year [20].
Earlier studies conducted by Stock et al. useddima APRV (Airway Pressure Release
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Ventilation) [21] to describe a method of ventitatj which used the same mechanical
principle as BIPAP, but started from a differenémise. BIPAP as pressure- controlled
ventilation with freedom of respiration and spomtauns breathing on two levels (see
figure 4).

P

£
W
h

W

11 12

M
W

Figure 4. BIPAP ventilation mode

The procedure for weaning a patient with respisatarsufficiency from
mechanical ventilation is a complex control taskl aequires expertise based on long-
standing clinical practice. Fuzzy knowledge- basedning (FuzzyKBWean) is a fuzzy
knowledge-based control system that proposes stepehianges in ventilator settings
during the entire period of artificial ventilatiah the bedside in real time.

pO;, pCO;,
SIJO:_. EtCQ,,
TV, Vrate, Patient -
PIP, PEEP, { - .
F,0; Eespirator Py, Pr t;, 1 ¥
B e Fi0. =777 q="=- ~
f \\.
' :
L _ — i !
: Fuzzification o Rule gvaluation o Defuzzification o Proposals \
' Ll Ll Ll 1
! i
' :
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\ Knowledge . E
|l base EBWean :
A}

Figure5. The FuzzyKBWean control process.

Information is obtained from a PDMS operating & BU with a time resolution
of one minute. The system is used for postoperateeliac patients at the Vienna
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General Hospital. A large part of the explicitlyegn and implicitly available medical

knowledge of an experienced intensive care spetiatiuld be transferred to the fuzzy
control system. Periods of deviation from the ta@e shorter using FuzzyKBWean .
[22, 23].

3. Conclusion

In medicine, two fields of fuzzy applications wedeveloped in the 1970’s: computer
assisted diagnostic systems and intelligent patiembnitoring systems. Both

developments of Zadeh's “rule of max-min compositimamely fuzzy relations and

fuzzy control have been applied in these areas.

For obvious reasons, the available body of mediat (on patients, laboratory test
results, symptoms, and diagnoses) will expandarfuture. As mentioned earlier, computer-
assisted systems using fuzzy methods will be baitterto manage the complex control tasks
of physicians than common tools.

Most control applications in the hospital sellirayf to be performed within critical
deadlines; Decisions have to be made locally anthptly. This is a setting that requires a
local hospital intranet rather than the possibgitf the world- wide internet.

Using current web technology, integrated systentsotti types of fuzzy systems
described above can be easily implemented as @&ttarm intranet applications.
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