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REPRESENTATION OF SYMPTOMSAND EVIDENCE
IN DIAGNOSIS SUPPORT

Suitability of a diagnosis support and its intudtidransparency depend on medical knowledge
representation. An appropriate representation shsallve the following problems: a consistent intetation of
symptoms of different nature, formulation of rutbat is close to diagnostic heuristics and impleaiim of a
credibility measure that estimates diagnostic hypsé¢s. The paper suggests a description of symitpimeans
of classical and fuzzy sets and a model of diagmosasoning in the framework of the Dempster-Shtfeory.
Thus, credibility of the diagnosis is defined by timprecision measure (i.e. a characteristic orembership
function) and by the certainty of the rule (i.ebasic probability assignment value). A unified agoh is
proposed for all kinds of symptoms and evidencé &n@ used during the diagnosis. Models for symptand
evidence that are difficult to define (e.g. paarg suggested.

1. INTRODUCTION

Multiple parameters of different nature have torggresented in medical diagnosis support.
The parameters can be either explicitly defined. (eregnancy), or described by a fuzzy statement
(e.g. obesity). A diagnosis support algorithm sdowdpresent all kinds of diagnostic information
and interpretation of the parameters should be istms. Moreover, knowledge representation
should stick to the intuitive meaning of symptoras, inference in diagnostic problems follows
heuristic rules. Thus, conditions of rules in agdiasis support system have to represent both crisp
and fuzzy parameters. Yet, such symptoms as ‘painfack of appetite’ are difficult to define.
They can be hardly described by crisp concepts.ti@nother hand, for the majority of such
symptoms a domain is not determined which causgbkes in their representation by fuzzy sets.
Still, diagnosticians struggle for accuracy in theterpretation, as the example of pain (measured
the VAS: Visual Analog Scale) [2] shows. Not onfyrgptoms, but also evidence are difficult to
model. For instance, when a patient says that benbficed a sign of a disease about three weeks
ago, his statement is hardly crisp. It should Is® aloticed that representation of symptoms is not
always the same as interpretation of evidenceirfsdance, in the rule a symptom is formulated as:
“quick heart rate” and the observation is 90/mitu3 a method of matching rule condition
(symptom) with the observation (evidence) has tochesen. The method should also define a
measure of matching accuracy. The paper suggestsistent representation of symptoms,
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recommends fuzzy sets for difficult symptoms dedimon and introduces a measure of matching
symptoms with evidence. A method of determinatibomembership functions is presented. The
diagnostic inference is done in the framework eféltended Dempster-Shafer theory.

2. REPRESENTATION OF SYMPTOMS

Heuristic rules that are commonly used in the dsgsupport have the following form:

IF X1 is X[, and,...,andX" is X" THEN D (1)

whereX' is a medical parameter (e.g. a laboratory téét)s a linguistic variable that describes a
value of the parameter (e.g. “elevated”), dhds a diagnosis. The linguistic variab¢ may be
represented by the characteristic function of faesical sel/i(x) (in case of “present” or “absent”
symptoms), or by a membership function of a fuzy(x) (for instance: “low test result”). Thus,
the symptoms are defined either precise or by meéns measure of imprecision that is the
membership function. Yet, the diagnosis is usualigp, as physicians do not use such statements
as “light pneumonia”. Though the diagnosis is @ecit can be uncertain, as sometimes disease
manifestations are not clear. This can be expresgede risk of the disease defined by a fuzzy set
of a conclusion. Still, it seems more natural téirdea credibility of the rule. It is possible ihet
framework of the Dempster-Shafer theory (DST) Bnce, the rule (1) can be represented as:

IF Xilis lel, and,...,and X in is len THEN D;  with certaintym(a) 2)

wherej is the index of the rulan is the basic probability assignment (bpa) [3] dateed for the
D, diagnosis, and the set of focal elements [3] idelall conditions of rule premises. The focal
element may be single, i.@) =X is X or complex, i.ea{ =X is X, and, ..., and*" is X",
The set of focal elements of theh diagnosis isA={ &}, j=1, ...N and for this set the DST
principles [3]:

m(f)=0, ¥ m@))=1 (3)
allA
i=1...N

hold true. Hence, they bpa is the measure of certainty of the rulesrdfatrs to théd, diagnosis.

3. MATCHING SYMPTOMS WITH EVIDENCE

The symptoms are estimated by characteristic orlmeeship functions, still, observations of
patient's findings are not necessary representétkiisame way as the premise conditions. Several
cases of matching observed evidence and symptoahs lbe listed. They are:

« Symptom is described by the characteristic funcéom evidence is an argument of the
function. Let’'s assume that “struma” is tlesymptom and during an examination a physician
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observes the struma. Theuma(“present”) = 1 andk«uma (“absent”) = 0 and evidence is
Xsruma (“Present*”) for which accuracy of matching equals

* Symptom is represented by a fuzzy set and evidsnaevalue of its domain, for example the
symptom is “low laboratory test result” describgdtbe tion(X) and evidence is the test result
for a patient denoted a&. Then theuow(X*) is the accuracy of matching the evidence and the
symptom.

» Evidence and symptom are both described by fuzgy aad the domain of these sets is either
known or assumed, but generally accepted. Fornnstéhe symptom “gradual exacerbation
of the disease manifestations” can be defined bgns@f the fuzzy set over the time domain
and the evidence “the disease manifestations dtatieut 3 weeks ago” may create another
fuzzy set on the same domain. An example of thenasd scale is VAS (Visual Analog Scale
[2]). In this approach the symptom “the worst paipior«(X)) can be matched with the
observation “mild pain” gmiig* (X)).

In case of the characteristic function, evidendkegientirely matches the symptom or excludes it
from inference. On the contrary, when the symptamewdence is fuzzy, a partial accuracy of
matching is possible. This partial accuracy willdegined as the imprecision lewgl Hence, for the
j-th focal element:

nj = min g 75 = XGi(6*) ornj = p(x*) orngji = max(; (%) O * (%) (4)

i=1...,n

Now, an inference may concern only these symptdras dre sufficiently reliable. Namely, if the
imprecision level of a focal element is greatemthathreshold, then the focal element takes part in
the inference. For such symptoms the belief indihgnosis can be determined as:

Bel(D)) 3 mial) ©)
al A
;2N

in analogy to the original definition of belief IBST [3]. When belief values of all possible
diagnoses are calculated, then the final diagrazsisbe determined as a result of their comparison.
A detailed description of the algorithm of diagrsosupport is given in [4].

4. MEMBERSHIP FUNCTIONS

Let us assume that a symptom takes part in areiméeronly when it is supported by evidence
with the imprecision level greater than the thrédhg. If evidence is evaluated by tby criterion,
then a membership function shape has an essenfiaénce on the results of the diagnostic
inference. Trapezoidal and triangular functions ehdédeen chosen for the research. The crucial
points for determination of a trapezoid have beeartijes of an empirical data distribution and
cross-points of theoretical distributions (seelfjgThe points can be found if training sets deast
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two competing diagnostic hypotheses are given. fadipestatistical features of training data sets
are used to determine membership functions [5]. @tiapplication of the cross-points to the

No of cases

Fig.1. Membership function design

membership function determination is a novel apghnodt is assumed, that values of membership
functions in the cross-points equal 0.5 and vaingke quartiles equal 1 (fig.1). The points tha a
originally set at quartiles, can be moved duringesgch toward and away from the mean value. In
this way an investigation of the most appropridtapge of the membership function can be done.
The shape is gradually changed until boundary fansthave been obtained. The latter are: a
triangular function and a function with slopes dd®gradient (close to the characteristic function)
The shapes have been tested for the three kindmtaf The first database is available on the
Internet: ftp.ics.uci.edu/pub/machine-learning-ela@ses/thyroid-disease, files new-thyr.*. The
database is related to the problem of thyroid gldis#ases and the reference [1] provides its
comprehensive statistical analysis. The data dledctne “Internet data” from now on. Number of
training/test cases for the data have been asafsilbyperthyroidism 75/75, euthyroidism 15/20,and
hypothyroidism 15/15. The data have been used szkchivhether a change of the membership
function for real data can improve quality of diagis support. Next, data have been simulated with
comparable statistic parameters to the Interned. deéich diagnostic group has included 100/100
cases. In such a way sets for 50 simulation rurtbeinethod have been prepared. The simulated
data have been used to find out which shape of rasship functions is the most efficient. The
third database has been the well-known Iris PlBattebase from http://www.ics.uci.edu. The data
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have been divided into 25/25 train/test cases Herthree defined categories. The database is a
benchmark in research works and so it has beentasestify correctness of the proposed method.

5. RESULTS

Verification of the proposed methods has consistegh error investigation. The error is the
percentage of wrong diagnoses indicated for the detg. Wrong diagnoses have been outputs
different from that specified in the test data asdlvas undetermined diagnoses (because of belief
equality). Three diagnostic categories have be@sidered. Authors of previous investigations [1]
have concluded that several statistical methods baen acceptable for selection of two categories
(e.g. “hyperthyroidism” and “the rest”), but a ddgation for the three categories has always
failed. In case of the proposed method the errandiofor the Internet data has been reduced to
2.67% when the optimum threshold for the imprecisievel has been chosen. Generally, good
results have been obtained for the threshold in[@hi, 0.9] interval. Thus, the choice of the
threshold during a diagnosis do not limit variefyconsidered symptoms, it only excludes unclear
observations (for whichy; < 0.1) and accept for investigation quite relialtflgught not entirely
precise symptoms. The upper limit of the advantagew values, which is lower than 1, indicates
that an exclusive consideration of the most presyseptoms makes the diagnosis worse. The error
has been significantly smaller in comparison todlassical methods [1]. Moreover, it has occurred
only in case of euthyroidisim, so patient's healthuld not be jeopardized. Yet, a modification of
membership functions makes results even better.

Tests of the Internet and simulated data have ledea considerable influence of the
membership function shape on the performance oftetod. The distance between the quartile
from training data and the cross-point of theogdtaistributionsd=|g-X0s] has been the base for
the shape modification. The original quartile psihtave been moved for the distanedd| ],
where 0 has been changed with 0.05 step frém®, to &1, until the border function (almost a
characteristic function or a triangular functio@shbeen reached. Lower errors have been observed
for the membership functions wil(x)=1 for xO[¢jow-0*d, Qup*+ 5°d] where 6J[0.25, 0.75]. The
errorless classification has occurred #&#0.65 andd=0.7 for the Internet data. The minimum of
mean errors for simulations appears #af0.65, 0.75]. An analysis of the calculation reswghows
that the trapezoidal membership function shouldehaaximum membership of 1 for a wide range
of its domain and then should descent to 0 witligagbadient. Thus, the shape of the membership
function differs from that used in classical fuzmjes. The latter are often triangular or trapeabid
with slopes of small gradient, as they are meantdoespond normal distribution. Still, the
membership functions for fuzzy focal elements stqudt have extremely steep slopes as for the
shapes close to the characteristic functions atlererror reaches 2.7% for the Internet data and
increases beginning frord=0.8 for simulations. Hence, membership functioheutd allow for
better performance of the diagnosis support algorithan strict norms.

In case of the Iris Plant Databases the error bpsrtied on the training set. Calculations have
resulted in the global error of 5.33% (2 cases @ipaolassified in the groups of versico and virgini
when cases were divided at random. This result besesn obtained for the similar shapes of
membership functions, i.e. the similay-Jd, qut+ Jd] interval. It has been suspected that sound
training data may improve performance. Thereformngly classified cases have been attached to
the training data until the error has stabilizetiug, all difficult cases were gathered in one set.
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Then the learning and test sets have been exchahgéekis way a division of cases for sound
training data and difficult test data have beenen&thder such conditions, the classification of the
test data has been errorless. It can be conclidedhtough the error is not big for random training
data, it is better to split the data into two sebssand to select suitable training cases.

6. DISCUSSION AND CONCLUSIONS

An adequate representation of medical knowledgdiagnosis support systems is crucial for
understanding diagnostic hints by physicians amdright performance of the systems. Fuzzy sets
have been suggested for modeling symptoms difffoultwo-valued logic description. However, it
is important to create an opportunity to define aoly symptoms, but also evidence by means of
membership functions. Thus, arises the problem ohiform representation of all kinds of input
information and heuristic rules as well as matchimgm to get a diagnostic conclusion. The paper
proposes a solution that is based on the extendetpbter-Shafer theory and fuzzy sets. Symptoms
that are not related to a real-number scale, f&airce pain, can be defined on the [0, 100] interva
as examples from medical practice suggest. Fuzmjerge can be used to model ambiguous
opinions of patients, for example: “the symptom woed about 3 weeks ago”, “mild pain” or
“slightly better heat tolerance”. A patient can cke a suitable linguistic expression and afterwards
a fuzzy set may be assigned to it during an infeeifthe method described in this paper makes it
possible to interpret all cases of symptom-evidenaghing.

The present research resulted in indications foeficient method of designing membership
functions. Usually, one membership function is meetbr each diagnostic hypothesis. All possible
diagnostic hypotheses have to be considered sinadtesly during design of membership functions.
The functions have to cover all the domain of a icedparameter. It is convenient when all
membership functions of a medical parameter crodseasame level, e.g. 0.5. Then, a threshold can
be chosen that excludes the most unreliable syngfoom inference, yet permits other imprecise
findings to influence the diagnosis. Trapezoidahrbership functions work generally better than
triangular. The proposed method of the memberamption designing and tuning is convenient for
interpretation of all kinds of imprecise medicalrgraeters, regardless their domains. The
interpretation is intuitively clear for physicianBaking into account the above mentioned remarks
the proposed methods can be considered as a cenvembdel of knowledge representation for the
purpose of the diagnosis support.

BIBLIOGRAPHY

[1]] COOMANS D., BROECKAERT I., JONCKHEER M., MASSARD. L., Comparison of multivariate discrimination
techniques for clinical data-application to therdiy functional state, Meth. Inform. Med., Vol. 28. 93-101, 1983.

[2] HO K., SPENCE J., MURPHY M.F., Review of paireasurement tools, Annals of Emergency Medicine Y614,
pp. 427-432, 1996.

[3] KACPRZYK J., FEDRIZZI M. (Eds.), Advances in Bypster-Shafer Theory of Evidence. J. Wiley, NewkY (t994)

[4] STRASZECKA E., An interpretation of focal elente as fuzzy sets, Int. J. of Intel. Systems Volj8821-835, 2003.

[5] SCHUERZ M., HIPF G., GRABNER G., An assessn@rdifferent approaches to defining fuzzy membegréhinctions
semi-automatically, Proc. ERUDIT-Workshop, pp.133-1Vienna, Austria, 2000.



