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Application of Simulated Annealing Fuzzy Model
Tuning to Umbilical Cord Acid-Base Interpretation

Jonathan M. Garibaldi and Emmanuel C. Ifeachor

Abstract—Fuzzy logic and fuzzy set theory provide an im- « fuzzy operators;
portant framework for representing and managing imprecision « membership functions.

and uncertainty in medical expert systems, but the need remains . .

to optimize suych systems topenha¥1ce performance. This paper The.e.f‘fect of a fuzzy system '_S defined by the Se.t of vectors
presents a genera| technique for opt|m|z|ng fuzzy models in CompI’ISIng the fuzzy Output Vanables that are Obta|ned from a
fuzzy expert systems (FES's) by simulated annealing (SA) and set of vectors representing input variables. Even the simplest
N-dimensional hill climbing simplex method. The application of ~mgodification to the fuzzy system such as the use of linear
the technique to a FES for the interpretation of the acid-base rather than nonlinear membership functions may alter the

balance of blood in the umbilical cord of newborn infants is . . fthe f del. Th he behavi
presented. The Spearman rank order correlation statistic was Input-output mapping of the fuzzy model. Thus, the behavior

used to assess and to compare the performance of a commerciallyof @ fuzzy system is governed by a combination of all these
available crisp expert system, an initial FES, and a tuned FES design choices. In a given application there is the additional

with experienced clinicians. Results showed that without tuning, process of defuzzification to map the output fuzzy sets to
the performance of the crisp system was significantly better o roq \world. Unfortunately, there is currently very little

(correlation of 0.80) than the FES (correlation of 0.67). The h ical id hich of the desi hoi
performance of the tuned FES was better than the crisp system N€oretical guidance as to which of the design choices are

and effectively indistinguishable from the clinicians (correlation “correct” for a particular domain.
of 0.93) on training data and was the best of the expert systems A number of approaches have been proposed for the devel-
on validation data. Unlike most applications.of fuzzy logic .wh.ere opment, tuning, and optimization of fuzzy models. Many of
all fuzzy sets have normalized heights of unity, in this application yhoqe have heen based on the integration of neural networks
it was found that a reduction in the height of some fuzzy sets was . . . .
effective in enhancing performance. This suggests that the height With fuzzy logic [8], [9] or hybrid neuro-fuzzy clustering
of fuzzy sets may be a generally useful parameter in tuning FESs. methods such as Fuzzy-ARTMAP [10] or ANFIS [11]. More
| general algorithmic approaches have included YhBAFIO
algorithm for model optimization [12], [13], a framework for
synthesizing fuzzy rules [14], angenetic algorithm-based
optimization methods [15]. The well knowsimulated anneal-
. INTRODUCTION ing (SA) algorithm [16] has been applied to the tuning of
NE challenge in medical expert systems is the problefuzzy neurons [17], the combinatorial optimization of fuzzy
of imprecision and uncertainty in both data and knowlpartitioning [18] and for multivariable optimization of a fuzzy
edge [1]. In practice, it is important to develop techniqueglational model-based controller [19]. In this pap®8Awith
for handling such imprecision and uncertainty to enhance the adaptation for continuous minimization by the simplex
robustness and performance of medical expert systems. Fuamthod [20] is applied in a novel manner to tuning of fuzzy
logic and fuzzy set theory [2] provide a good framework fomodels. This general purpose algorithm can be used for both
managing uncertainty and imprecision in medicine [3]-[5] anebmbinatorial and continuous parameter optimization and,
have been successfully applied to a number of areas [6], [#]us, is suitable for both structure identification and parameter
[7]. estimation of models. The optimization technique is described
The successful development of a fuzzy model for a paand then its use is illustrated with application to the automated
ticular application domain is a complex multistep process taning of a fuzzy expert system (FES).
which the designer is faced with a large number of alternative A successful crisp expert system for the interpretation of the
implementation strategies. The principal alternatives are in theemical acid-base balance of blood taken from the umbilical

Index Terms—Acid-base balance, fuzzy modeling, neonatal
outcome, simplex method, simulated annealing.

selection of: cord of newborn infants had previously been developed [21],
« inference methodology; which incorporated the knowledge of several expert clinicians.
« linguistic variables and fuzzy terms; This crisp system was extended to incorporate explicit han-
« rule set; dling of imprecision in the input data and uncertainty in the

_ _ , ~embedded knowledge. This crisp expert system formed the
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the crisp or FES’s. Hence, a validation study was undertakdére temperature is sufficiently low. Theoretical convergence
in which six expert clinicians reviewed 50 difficult abnormaproperties and overall efficiency of the algorithm depend on the
cases to rank them in order from “worst” to “best” and theseooling schedule chosen—it has been shown that the algorithm
rankings were compared against those obtained for the expemguaranteed to optimizg(x) in infinite time [23]. In practice
systems. appropriate values df’, L and the cooling schedule can be

It was found that the initial FES performed worse than thdetermined experimentally to return near-optimal solutions.
crisp system and, thus, it was decided to use the cliniciar®&e algorithm is detailed in Appendix A.
ranking of the 50 cases as training data to automatically tune
the performance of the fuzzy system using the SA algorithB Continuous Minimization by the Simplex
described. Normalization of each linguistic term has be@Wethod of Simulated Annealing
advocated as a necessary condition in fuzzy models [13] with

some theoretical iustification. However. there is little evidenc The SA algorithm implements a local “valley-descent”
icatjustitication. HOWEVET, IS T v Algorithm in which downhill changes are always accepted

that. human (_axperts use Iog|caIIy.sound reasoning in thg d uphill changes are accepted initially, but with decreasing
decision making and, thus, theoretical soundness may be IB ability as the algorithm progresses. The technique has

|mp0r_tant In expert SySte"? appllcatmns .Of fuzz_y fT‘Ode"” een applied most often to discrete combinatorial optimization
than in fuzzy control applications. In this application, th%/

requirement for normality was relaxed and the height of f roblems, but it has also been applied to problems with

qui . Iy w X € heig UzZ%ntinuous variables. With continuous variables it is necessary
terms was included as a tunable parameter within the model minimize a functionf(y) where y is an n-dimensional
process. Using this method the performance of the FES Was Y Y

; . o . ctor in R™ with component . The change
improved to attain a level comparable to the clinicians. Flnall}/r.I state is taken as a mpove iniggeyerac;{n%)A so that tr?e
an external criterion known as th&pgar scorewas used to Y

. . change in energy ig(y + Ay) — f(y). A number of methods
validate the performance of the pre- and post-tuning FES. by which to choose the direction and length of the step

have been proposed [24]-[26], including a modification of the

Il. DEVELOPMENT OF AN OPTIMIZATION TECHNIQUE downhill simplex method of Nelder and Mead [27].
A simplex is a geometrical figure of + 1 vertices inn-
A. Simulated Annealing dimensional space, for example a triangle in two-dimensional

The formulation of a fuzzy model appropriate for a parspace or a tetrahedron in three-dimensional space. The SimpleX
ticular domain involves a large number of choices, many &% initialized with a set ofn + 1 points, and the function is
which have no theoretical basis. In general, the formulation By2luated at each of these points. The simplex then makes one
an optimal fuzzy model in terms of its performance at a give?f the following steps:
task in the particular domain is a problem &fdimensional 1) a reflection of the vertex with the highest function

nonlinear optimization in whichV is very large even for the evaluation through the opposite face to a point that
most trivial of fuzzy systems. conserves the “volume” of the simplex;

The SA algorithm is a general-purpose algorithm for per- 2) a reflection of the highest vertex through the opposite
forming approximate optimization in large dimensional prob-  face to a point that increases the “volume” of the

lems [16]. It is generally useful for combinatorial optimization simplex;

problems and/or problems where derivatives of the cost func-3) a contraction of the highest vertex toward the opposite

tion being optimized are not available. The SA algorithm views ~ face of the simplex;

the cost functionf(z) being minimized as equivalent to the 4) a contraction along all faces toward the lowest vertex of

energy state of a physical system [22] and the process of the simplex.

reaching equilibrium is equivalent to repeatedly accepting orThe simplex algorithm specifies the series of these steps

rejecting changes in energy state fréro j according to the to take in such a way that the simplex converges to a

probability (local) minimum. In the SA adaptation of the simplex method

[20] a positive, logarithmically distributed random variable

. . proportional to the temperatur€ is added to the function

exp <f(z) - 1) )7 it £(5) > ) evaluation at each vertex of the simplex when determining the
T 1) highest and lowest points so that

1, it f(5) < f(5).

The algorithm depends on two control parameters: the 9(y) = J(y) =T Infrandom(0, 1)) @)
temperaturd” and the number of state chandgesonsidered at and a similar value is subtracted from the function evaluation
each temperature. An initial state is generated and thstate of each new point that is tried as a replacement point. Thus,
changes are considered according to the criterion in (1). TAedownhill step is always accepted and an uphill step is
temperaturd’ is then reduced according tccaoling schedule accepted with probabilityc exp(—uphill step-sizel’). In the
and the process is repeated until an appropriate stopping @it 77 — 0, this algorithm reduces to the downhill simplex
terion is reached. Typical stopping criterion include; when thend converges to a local minimum. As with any form of the
cost function is minimized to a certain value when the chang8# algorithm the choice of initial temperature, step length
in energy being considered are sufficiently small or whesimplex size), and cooling schedule will determine whether

Prob(accept change to stajefrom ¢
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the global minimum will be found successfully and thesa finite cooling schedule must obviously be used. The choice of
parameters will usually be found by trial and error. Thesasonable cooling schedule and appropriate stopping criterion
algorithm is detailed in Appendix B. is the hardest part of successfully implementing the tuning
A problem occurs with the simplex algorithm whenis algorithm and the solution will be problem dependent. Theoret-
bounded, especially when the global function minimum igal issues have been investigated [23] and practical strategies
located on or very near to the boundary (as is often the cdsave been developed [23], [26], [20]. For fuzzy model tuning,
in continuous variables used in fuzzy models). The standaadelatively simple strategy may be implemented such as:
procedure when not using the simplex adaptation [25] is t0« reduce? to wT where0 < w < 1, terminate when

simply reject any step that generatgsoutside its bounds. T < T, whereTj has previously been chosen as the
However, if the simplex adaptation is used and vertices that minimum temperature;

lie outside the bounds are rejected, then a global minimume reduce? to wT', terminate whem\f < ¢, i.e., when the
that lies on a boundary will never be enclosed by the simplex improvement obtained irf in an iteration is sufficiently
and, thus, will not be successfully located. To overcome this small.

problem, if ay is generated with at least ong outside a

boundy a penalty term can be added, so that D. Obtaining a Cost Function

, " o In general,any cost function can be used: it does not need

9(y) = 9y’) + Z (y; —w) (3)  to be smooth or even continuous, but it must be bounded [26].
=1 In practice a measure of mean-square error between actual

eachy; outside a bound; whereg(y’) is the function defined and some desired target output would be appropriate to tuning

by (2) evaluated at the boundary. a fuzzy model. Usually, the output of a fuzzy system will

be arbitrarily scaled, making an absolute comparison between

C. Simulated Annealing Optimization of a Fuzzy Model the fuzzy system output and target output difficult. In such
a situation, a statistic that ignores the absolute values, but
takes into account the ordering of results may be appropriate.
Spearman rank-order correlation can be used to determine the
degree of association between two sets of rank-ordered data.

f("l"vy) :f("l"lv-'l"?v"'7$n17y17y27"'7yn) (4) It is defined as

A fuzzy model may be viewed as &-dimensional vector
characterizing a FES with a set of discrete variables and
continuous variables. Thus

where eachs; is a discrete variable and eaghis a continu- i (ri — F)(5: — 5)

ous variable, as above. Discrete variables represent structural ‘ ‘ ‘

choices such as which rules from the total set of possible ps = le - (5)
fuzzy rules to use or which of the set of operator families to K o K o

implement; continuous variables represent parameters such as Z (ri =7) Z (si —3)

=1 =1

modal values or spreads of membership values or the tunable

parameter? in the Yager class of operators [28]. wherer; ands; are the two sets of rankings being compared
If a cost function can be found to evaluate the performane@d K is the number of ranks [29]. If there are no ties in the

of a fuzzy model with each set af, andy; then the SA algo- rankings then (5) can be simplified to give

rithm can be applied to optimize the model. If no continuous

iz
variables are used, then the discrete SA algorithm (Section II- 6 i: (ri — i)
A) may be used alone and if no discrete variables are used — Lo
then the continuous SA algorithm (Section 11-B) may be used ps =1— TKEI-D) (6)

alone. However, if both discrete and continuous parameters

are to be Otpimized Simu'taneous'y, then a S||ght|y mOI:éhe Ps statistic will be+1 if the two rankings are identical

sophisticated SA must be used. In this case, a decision mus{&@mnplete agreement) and1 if the rankings are opposite

made to either generate a new state through a change in @Rmplete disagreement). The significance of the statistic can

discrete variables or via a simplex move in the continuo@ssily be obtained by

variaples. This decision can be maQe simply as a'random 2= p VK —1, with df =K —2

function of m andn (the number of discrete and continuous

variables, respectively) or through a more sophisticated criteifak is larger than about 20. H; are the desired rankings that

dependent o\ f(Az,y) and A f(z, Ay); that is, the relative have been determined for a particular set of input parameters

changes in the cost function that result from changes in ortty a FES ands; are the actual rankings obtained from the

the discrete variables or only the continuous variables. Thezzy system, thenf = 1 — p, is a suitable cost function

algorithm is detailed in Appendix C. to be minimized by SA. Note that this is effectively the
The selection oftopping criterionis a difficult problem. If same as minimizing the mean-square error between the desired

the optimal value of the cost functiofy,,, is knowna priori, rankings and the obtained rankings.

and given an infinite amount of time such that the cooling In practice, a target set of rankings may be obtained in a

schedule can be sufficiently slow, then the algorithm can be@mber of ways. In many cases, an objectieerect ordering

terminated wherf — f,.« < ¢. In practice,f.p; is unknown and of a set of results may be available, but for situations where
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such a verified ordering is not available, a target set mayoduces lactic acid asaste This further acidifies the blood

be obtained by seeking the opinions of as many humand can indicate serious problems for the fetus.

domain experts as is feasible. Af different expert opinions  Samples of blood may be taken from blood vessels in the

are obtained, then the interexpert agreement can be calculatabilical cord of the neonate immediately on delivery and a

from their rankings to ensure that there is an acceptaliiod gas analysis machine measures the pH, partial pressure
body of opinion. The pairwise average rankings may thus & carbon dioxide(pCO,), and partial pressure of oxygen

calculated to be used as the target set for SA of the FES or th€):). A parameter termed thbase deficit of extracellular
individual rankings may be kept separate to allow the fuzfjuid (BD..¢) can be derived from the pH anpdO, parameters

system to be trained to certain experts. Note that if the averd@e]. This can distinguish the cause of a low pH between the

correlation between all pairs is denotee(p, ), thenave(ps) distinct physiological conditions a&spiratoryacidosis due to

can only range from-1/(k — 1) to +1, as it is not possible a short-term accumulation &0, and ametabolicacidosis

for k experts to all totally disagree with each other [29]. Inlue to lactic acid from a longer term oxygen deficiency.

this case, the significance afe(ps) must be tested by Analysis of the acid-base balance of arterial and venous blood

. from a clamped umbilical cord provides objective information

X = (K = D((k=1)ave(ps) +1), with df =K -1 e seveprity and duration gf any IackJ of oxygen during

labor [33]. However, the procedure is error prone and a 25%

1. A PPLICATION TO UMBILICAL ACID-BASE INTERPRETATION  fajlure rate to obtain the parameters necessary for an accurate

interpretation is not uncommon [34].
A. Medical Background

In many areas of medicine such as obstetrics, advancesBinThe Crisp Expert System

technology have led to a bewildering choice of equipment o le-based expert system to validate and interpret um-
for the doctor and other healthcare professionals. Much of thgical cord blood acid-base status has been developed in
available technology produces results that require consideragigse collaboration with several experienced clinicians and has
time and expertise to interpret correctly, but the routine d@yen implemented in the local hospital and a number of other
to day care of patients is carried out largely by junior C"”'C"ﬂospitals in the U.K. [21]. First, the pHCO, and pO, data
staff without the necessary experience to utilize the technologyy, the arterial and venous samples are validated as being
effectively [30]. The need for expert systems in medicingynsistent with possibilities for real cord blood. The pH and
has long been established [31]. They allow a better matgfyy . are then examined to categorize the results into one of
of available technology to the needs of the user and offer g jnterpretations, ranging from “normal” to “severe metabolic
potential for consistent, reliable, and objective analysis of dafgijemia.” Results consistent with respiratory acidosis are
using captured expert knowledge and presenting results igyiatinguished from those indicating metabolic acidosis and the
way that will practically aid the busy clinician. _ differences between the two vessels, if available, are used to
The process of natural childbirth is a stressful experience ffiher refine the diagnosis. This system has been implemented
both mother and infant. Objective assessment of the neongjgl|ahor ward at the local hospital to collect data from every

outcome of labor is difficult and challenging. Accurate asseSgalivery where a database of over 12000 results has been
ment of immediate neonatal condition can be used to guigg|ected so far.

individual neonatal care and to provide feedback to clinicians
reviewing their practice. Current methods (s_uch_ as the Apgé_r The Need for a Fuzzy Expert System
score) are inadequate as they are too subjective and/or they
fail to distinguish damage that occurred during labor from A number of problems were identified in the implementation
damage that occurred before or after labor. Analysis of blo& conventional crisp rules used in the initial system. The
taken from the umbilical cord, clamped immediately aftdpterpretation section of the crisp expert system utilized a
delivery, can be used to obtain objective information on tH&Imber of rules of a form similar to
physiological state of the infant. IF arterial pH< 7.05 AND arterial BQ s > 12 mmol/|

The umbilical cord vein carries blood from the placenta THEN severe arterial metabolic acidemia.
to the fetus and the two smaller cord arteries return blood
from the fetus. The blood from the placenta has been fresiiich rules feature sharp boundary cutoffs, which are not repre-
oxygenated and has a relatively high partial pressure of oxygggntative of real decision-making processes and do not employ
(pO2) and low partial pressure of carbon dioxigeCO,). any form of uncertainty representation in the conclusion to
Oxygen in the blood fuelsaerobic cell metabolism with imply a less than certain diagnosis. There was a need for
carbon dioxide produced agaste Thus, the blood returning & fuzzy logic-based expert system that would offer a more
from the fetus has a relatively low oxygen and high carbdgalistic and acceptable interpretation.
dioxide content. Some carbon dioxide dissociates to formA preliminary investigation was performed to convert the
carbonic acid in the blood, which increases the acidity (lowegsisp expert system directly into a FES. The purposes of this
the pH). A degree of oxygen starvation for the fetus is Sfudy were
routine occurrence in normal labor. If oxygen supplies are tooe to determine the feasibility of converting the existing crisp
low, anaerobic(without oxygen) metabolism can supplement rules into a set of fuzzy rules without the necessity of
aerobic metabolism to maintain essential cell function, but this additional expert knowledge elicitation sessions;
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TABLE |
AN EXAMPLE TO JUSTIFY THE USE OF THE PROBABILISTIC CONJUNCTION OPERATOR (a * b) RATHER THAN THE MINIMUM CONJUNCTION OPERATORmin(a, b)

Case |pHy | BDa  po | pHy  p3 l BDy  pg | min(p, fig, i3, fta) | (b1 % o * piz * 1)
A 705 05| 115 09710 05| 95 09 0.50 0.20
B 695 10| 150 10| 710 05] 11.0 1.0 0.50 0.50

« to investigate whether the fuzzy system would offer any 4) Fuzzy Operators:The probabilistic family of operators
improvement in performance over the crisp system in itsas chosen for the reason that all the fuzzy rules feature

interpretation of results. conjunction of the four linguistic variables such as
IF pH, is low AND BD, is high AND
D. Formulation of the Initial Fuzzy Model pHy is low AND BDy is high

The crisp expert system is a forward-chaining classification THEN acidemia is severe metabolic.

system, which (after the validation phase) is based on fourt ihe y,i5, operator is used for conjunction, the overall truth

main input variables; arterial pkpH.1), arterial base deficit \5)ye of such a rule will obviously be determined solely by its
(BDa), venous pHpHy ), and venous base defi¢BLv ). It |oyest membership. For example, if the rule above is presented
was decided to restrict the initial FES only to the interpretatiQRiih the values shown in Table I, thein operator would

of true pairedsamples (samples verified as being an arterigloqyce the same overall truth for both cases despite the fact
and venous pair with validategli 1, BD 4, pHy, andBDy  hat caseB is evidently (to an obstetric clinician) worse than
parameters) as these rules represented a self-contained s A, as the arterial pH is lower and both base deficits are

of the crisp system. There were 21 such crisp rules operatifgher. The probabilistic operator mimics the reasoning of the

on the four input parameters which needed conversion intghician in considering all the parameters so that the overall
equivalent fuzzy rules. The initial choices were as follows. truth for B is higher.

1) Inference MethodologyAs this application followed the 5) Membership Functionsif the membership of any term
conventional fuzzy control application in having crisp i”p“blateaus at 1.0, then the same effect as shown in Table | can
variables and no internal fuzzy chaining, the Mamdani modgl jemonstrated. The simplest way to avoid this problem is
of mfergnce was used.. All fuzzy rules were of the forng, have sigmoid memberships that approach 1.0 asymptoti-
“IF X;is Ay THEN Y] is B,” where A and B are fuzzy gy All fuzzy sets were modeled witsigmoidmembership

sets. Themin operator was used for implication througho”tfunctions; left-edge sets were modeled by a decreasiggoid
Although the production of complex fuzzy outputs with shape

information that could be used to infer a confidence in the w(x) = S 7)

output was one of the original reasons for implementing a FES, 1+ ele—m)/ac

it was necessary to obtain crisp outputs for the purposes ght-edge sets were modeled by an increasiiggnoid

evaluation of the fuzzy model. As an arbitrary choice, center- 1

of-gravity (centroid) defuzzification was used to produce crisp wz) = ————— (8)

values on an arbitrary scale of 0-100 for each fuzzy output 1+ elm=e)fas

variable. and middle sets were modeled by a combination of two
2) Linguistic Variables and Fuzzy Term&ach of the four sigmoids

input parameters was assigned a linguistic variable and ex- 1

amination of the crisp rules showed that each could naturally p(z) = 9)

R ” . . (z—m—0/2)/ac (m—o/2—z)/ac
be divided into three fuzzy terms corresponding to meanings (I+e J+e )

of low, medium and high. Two output fuzzy variables were wherem is the location of the, = 0.5 value of thesigmoidfor
used, severity of acidemia¢idemid and duration of acidemia left and right sets or the location of the center value for middle
(duration). From the crisp rules it was determined that theets;s is the width parameter of theigmoid corresponding
acidemia variable had five terms in its term seevere to the width aty = 0.5 for middle sets andv is a constant
moderate significant mild, and none the duration variable of ~0.1 governing the slope of thsigmoidssuch that the
had three termschronic intermediate and acute maximum value of a middle set is near to unity.

3) Rule Set:The rules for the crisp expert system were These four fuzzy input variables had the position and width
obtained as a result of knowledge elicitation sessions with their terms determined by the cutoffs encoded into the crisp
several leading clinicians skilled in umbilical cord blood acidrules. Thus, for example, arterial pH fuzzy variable had its
base analysis and had been carefully refined to form a completnsition fromlow to mediumat 7.05 as this value is used
and consistent set of classifiers. As the crisp system hidmloughout the crisp rules. The term sets for each fuzzy input
reached clinical implementation, the rule set was taken variable were generated from (7)—(9) using the universe of
be acceptable and was, therefore, recoded directly into fuztigcourse and parameters shown in Table Il and are shown
equivalents. Theairly hedge was taken as the square-rodn Figs. 1 and 2. The output variables were also modeled
operator and thgery hedge was taken as the square operatavith sigmoidmembership functions with the base variable and

Authorized licensed use limited to: UNIVERSITY OF NOTTINGHAM. Downloaded on February 5, 2010 at 09:20 from IEEE Xplore. Restrictions apply.



GARIBALDI AND IFEACHOR: APPLICATION OF FUZZY MODEL TUNING TO UMBILICAL CORD ACID-BASE INTERPRETATION

1.00

0.50 -

77

1.00

0.50 e

0.00 -

0.00 -1 -
Fig. 1. Term sets of (a) the arterial ptpH 1) and (b) the arteriaBD..; (BD,) fuzzy input variables.
1.00 - ‘

1.00 g e
low ;
0.50 - 0.50 -
0.00 L—- e | 0.00
7.10 7.20
@
Fig. 2. Term sets of (a) the venous giHy ) and (b) the venou8D..s (BDyv ) fuzzy input variables.
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crossover of each term determined arbitrarily on a universe ofThe FES reanalyzed the 10 0®ie paired samples from
pared to the crisp system. The crisp classification had pro-

Fig. 3. Term sets of (a) the acidemia and (b) the duration fuzzy output variable.
discourse of 0 -- 100. The term sets for the output variablethe database collected at Plymouth and the output was com-
duced a category in the range 80-120. Although these cat-

egory numbers were originally chosen arbitrarily, they were

E. Determination of the Evaluation Function
sification produced by the FES differed from that of the

The two crisp outputs of the FES were combined into @esigned to correspond to an ordered scale in which 80
secondary importance to severity of acidemia as given by vessels) and 120 was the best outcome (normal range in

are shown in Fig. 3.
single number to represent that duration of acidemia is @fas the worst outcome (severe metabolic acidemia in both
(10) both vessels). It was immediately apparent that the clas-

duration

condition = acidemia + 10
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TABLE I TABLE IV
PARAMETERS USED TO GENERATE INITIAL SGMOID ResuLTs oF CLINICIANS’, CRISP, INITIAL, AND TUNED
MEMBERSHIP FUNCTIONS FOR INPUT VARIABLES Fuzzy EXPERT SYSTEMS A GREEMENT WITH CLINICIANS
low mid high Agreement Corr. (ps) | Sig. (p)
Variable Universe m o m o4 m g clinicians < clinicians 0.91 < 0.001
pH 4 6.60...7.60 | 7.05 0.15|7.10 0.10]7.15 0.15 crisp system <> clinicians 0.80 < 0.001
BDy 0...20 8 6 10 4 12 6 fuzzysystem <> clinicians 0.67 < 0.001
pHy 6.60...7.60 | 7.10 0.15|7.15 0.10|7.20 0.15 fuzzy”system < clinicians 0.93 < 0.001
BDy 0...20 6 6 8 4 10 6
TABLE V

REsuULTS oF CLINICIANS’, CRISP, INITIAL, AND TUNED Fuzzy EXPERT

TABLE il SYSTEMS A GREEMENT WITH OUTCOME (APGAR®, APGAR!)

AN EXAMPLE OF THE DIFFICULTY OF ORDERING ACID-BASE RESULTS

Agreement Corr. (ps) | Sig. (p
Results | pHy BD4s pHy BDy (e (®)
clinicians < outcome 0.47 < 0.001
A 694 116 697 118
crisp system < outcome 0.39 < 0.001
B 687 85 711 94 0
fuzzy system < outcome 0.17 ~ 0.001
fuzzy system < outcome 0.51 < 0.001

crisp expert system, in that the ordering of results differed
greatly.

An evaluation function utilizing the Spearman rank-ordegieasonably well with the clinicians (0.80), but the performance
correlation coefficient described earlier was used to determipethe FES was significantly worse.
which order of results was the most appropriate by comparingThe agreement offuzzy° with outcome is shown in
the crisp and FES's to practising clinicians. As it was clearijable V. Given that other factors affect the Apgar score,
impractical to get the clinicians to order all 10000 results dhe precise level of clinicians’ agreement with outcome is not
even the approximate|y 400 abnormal results, an extract Rﬁrticularly important, but the fact that there was Significant
50 results from the 400 abnormals was chosen. The setcéfrelation beyond chance indicates that the clinicians’
50 results was selected to cover a wide range of categoriesagering did reflect actual clinical outcome. The important
randomly selecting a number from each of the crisp categori@®int is that the crisp expert system performed with a level
The clinicians were asked to rank these 50 results in order fré#@se to the clinicians, but again the initial fuzzy system
“worst” to “best” in terms of likelihood of the infant having Performed significantly worse.
suffered asphyxial damage. Two clinicians involved in the
creation of the rules and four clinicians considered experienced IV. TUNING THE FuzzY EXPERT SYSTEM
in the interpretation of cord acid-base results were recruited
to take part in the comparison study. They consisted of opg Tuning Parameters

Professor of Physiology, one Consultant, one Senior Registrar, . . .
two Clinical Research Fellows, and a Senior Midwife. As the FES had performed badly in comparison with the

The difficulty of this task can be illustrated by the exampltg.‘”nid{ij and worse than the crisp system, some of the fun_da-
in Table IIl. In simple terms, as the pH in both vesse/ental assumptions that were made in the original formulation

decreases, the infant's condition worsens and, asBbe, of the fuzzy model were reconsidered. The usual method

in both vessels increases, the infant's condition worseff¥, tUning the fuzzy model would be to adjust the shape,

However, the four-dimensional data must be considered 'fifation, and width of the membership function for each fuzzy
parallel so that in Table Il resuld might be considered term. Although arbitrary changes to individual membership

worse as both the base deficits are higher ttaror B functions are appropriate in fuz_zy cont_rol ty_pe a_lpplicaftion_s,
might be considered worse as the arterial pH is lower than the changes made to membership functions in this application

Additionally, the clinicians’ orderings and each of the expe}’{’?re restricted in order to keep the model interpretable from a

system'’s orderings were validated by comparing the resuggﬁical knowledge level. The following changes to the fuzzy

against the actual clinical outcome as ordered first by Apg&icdel were investigated:
score at 5 min and then by Apgar score at 1 min. * the standard “Zadeh” famlly of Operators was used with

conjunction asmin(a,b), disjunction asmax(a,b), and
negation ad — « rather than the probabilistic family;
F. Performance of the Initial Fuzzy Expert System « linear membership functions with the same location and
The results of the agreement with clinicians of the initial ~ crossover as the sigmoid membership functions described
FES (fuzzy®) is shown in Table IV. It can be seen that the  in (7)—(9);
average interclinician correlationve(p,) is very high (0.91), * the hedgeseryandfairly were introduced into the rules.
indicating that the clinicians agreed with each other very well The reasons for the poor fuzzy performance were inves-
on the order of results. The crisp expert system correlatédated by examination of which input variables were most
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100 g : rankings by (6) in Section II-D. Thus, for this application

x = (z1 : operator family,---
xzo : membership function shape, - - -
3 : rule set, - - -

x4 @ very hedging, x5 : fairly hedging)

0.50 oo
y=(y1:pHaoffsct,y2: BDsof fset,---
y3 : pHy of fset,yy : BDy of fset, - --
ys : pH A height,ys : BD a height, - - -
yr : pHy height,yg : BDy height).
0.00 -~ The variables were encoded as follows:

Fig. 4. Fuzzy base deficit variable with reduced membership heights. T = {0 = probabilistic operators,

1 = min-max operators}

highly correlated with the clinicians and each expert system. It £2 = {0 = sigmoid membership functions,
was found that the clinicians and crisp expert system correlated 1 = linear membership functions}

most highly withpH 4, pHy . In contrast, the FES correlated
most highly with BD 4, BD+. Thus, it appeared that the
fuzzy system weighted the base deficit parameters more than
pH in comparison to the clinicians and crisp expert system. T4 = {0 = no very hedges, - - -

x3 = {0 = original rule set,

1 = extra rule included in rule set}

It was decided, therefore, to attempt to improve the FES’s 2
performance by adjusting the relative weighting of the base Z 2" = wery hedge for acidemia in Rule ¢}
deficit parameters in comparison to the pH parameters. A i=1
number of ways to do this were investigated: x5 = {0 =no fairly hedges, - -
¢ one new rule of the form “IfpH 4 is low AND pHy is 21
low THEN acidemiais severé was added as all the other > 2" = fairly hedge for acidemia in Rule ¢}
=1

rules of the FES feature a combination @ 4, pHy,
BD 4, and BDy, and so depend on both parameters:

* the membership functions of each of the four input y1 =[6.50,7.50]
variables were shifted,;

* the height of pH andBD..; membership functions were y2 =[0,20]
decreased so that the fuzzy sets were not normalized, thus y3 =[6.50,7.50]
altering the influence of pH and base deficit in each rule ya =10, 20]
(Flg 4). ys = [0’ 1]

Initially, each of these changes was made in isolation where —[0,1]

the biggest effect was found to be in the subnormalization Yo ’
of the base deficit membership functionsd20 performance yr =[0,1]
increase) followed by the introduction of the new rue0(10 ys =[0, 1]

performance increase). The use of “Zadeh” operators and _ )
triangular membership functions both resulted~if.02 per- ~ The fuzzy model was then tuned automatically with Algo-
formancedecrease It was soon realized, however, that nofithm C by evaluating the cost function as follows:
only were these alterations not independent, but also thatl) Generate fuzzy model input term memberships as shown
systematic alteration of all parameters in combination would  in Table VI.
not be computationally possible. 2) If zo = 0, then usesigmoid membership functions or
else use linear membership functions.

3) Reduce height of thregH 4 terms byys, reduce height

B. Application of the Tuning Algorithm of three BD 4 terms byys, reduce height of thregHy,

The effects of making these changes simultaneously were in-  {€rms byyz, reduce height of thre@ Dy terms byys.
vestigated by applying the SA algorithm detailed in Section 1I- 4) Run the fuzzy model od¢ input data:

C—those marked with a bullet character were discrete a) if zz3 = 0, then use original rule set or else use the
variable changes and those marked with hullet character rule set with additional rule;

were continuous variable changes. The = 50 test cases b) if x4 > 0, then insert avery hedge operator into
were used as the target set for the FES and the minimized specified rules;

evaluation function wag = 1 — p, wherep, is the Spearman ¢) if xz; > 0, then insert dairly hedge operator into
rank correlation of the output of the FES against the clinicians’ specified rules;
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TABLE VI so that a total of27 000 annealings were performed. Each
PAQAE“:AE;EE:SSH:'J:SFESNTC%SEQEFF;‘EIENR?Q?:EIEB?ZS'D evaluation of the cost function by running the fuzzy model
took ~1 s on a 200 MHz Pentium PC and, therefore, each
low mid high annealing trial took=8 h. At the completion of each run, the
Variable | m o m . m o final configuration of the fuzzy _model and its performance in
" 015 | o 1005 010 2 2010 012 terms of the lowest cost function was stored. Multiple runs
D 1 Ao 1 Yo . 1 . . . . . .
PHa " n n ? were undertaken from different random starting points in case
BDa =4 6 | pp-2 4 U 6 the annealing had located a local minima.
pHy ys 015 |y +0.05 0.10|ys+0.10 0.15
BD —4 6 -2 4 6
v % v vi C. Performance of the Tuned Fuzzy Expert System
TABLE VI The biggest effect on the performance of the FES was found
AN EXAMPLE OF Six SEPARATE RANKINGS, WITH to be the following.

THE Row-WISE Sum AND OPTIMAL RANKING . . _
1) The subnormalization of the base deficit term sets: the

Clinician subnormalization was carried out on each base deficit
Case |1 2 3 4 5 | Topt variable independently, affecting all the terms equally.
Very slight differences in the performance could be
obtained through having the height of the two variables
slightly unequal, but overall the best effect was achieved
by reducing the height of both variables’ term sets to 0.4.
2) The introduction of the extra rule specified above: a very
d) if 21 = 0, then use probabilistic operators or else  |arge number of other rule changes could have been

[,
(=2}

A 112 21 2 9 1
B 23 1 3 2 3| 14 3
C 3 231 3 1|13 2

usemin-max Operators; considered such as creating new rules and/or deleting
e) defuzzify output variables and calculate single crisp  the existing rules, but this was not attempted in order to
output by (10). keep the model clinically interpretable.
5) Rank K outputs from1---K in order from worst to  The choice of probabilistic operators was found to have
best. a small beneficial effect over thewax/min operators, as
6) Calculatep; for each clinician by (6), and then calculateyas the use ofigmoidmembership functions overiangular
the average FES agreemeit functions. The introduction of hedges was found to have a
7) Cost function= 1 — p;. negligible effect. Thus, the tuned FES has membership func-

In this case, the discrete variables - - - z; effectively rep- tions identical in shape and location to those shown in Figs. 1
resent alternative structures for the fuzzy model and tled 2, but with the maximum height of all the base deficit
continuous variables; - - - ys represent adjustable parameterserms reduced to 0.4. No alteration of the output variable
within the model. For example, if the; variable was ran- membership functions was attempted. After introduction of
domly changed by the algorithm from zero to one, then thbke single additional rule and reduction of the base deficit
additional rule operated within the model. 4§ reverted to membership heights to 0.4, the final results showrfw@aszy*
zero then the additional rule was not operated. in Tables IV and V were obtained.

An approximation to the optimal cost functiofy,, was It can be seen that the tuned FE$u:»zy*) achieved
obtained by calculating the sum of the ranks of the sin excellent agreement with the clinicians and matched the
clinicians for each of theil cases and then reranking theselinicians in its agreement with outcome. Its modified perfor-
(row-wise) sums. For example, if six clinicians each rankedance was better than the crisp expert system and effectively
three cases A, B, and C as shown in Table VII, the optimaidistinguishable from the clinicians. A graph of the six
ranking would beA = 1,B = 3, andC = 2, as shown in clinicians rankings plotted against thguzzy* rankings is
the right-hand column. Thiganking of the summed rankan shown in Fig. 5. If perfect agreement had been found, a
be thought of as the besbnsensusiew that gave a value of straight line through the origin would have been obtained.
ps(opt) = 0.97 and, thereforef,,, = 1 — ps;(opt) ~ 0.03. For example, for the case that thizzy* system ranked
However, it is not necessarily the case thay configuration the worst (ranking 1), all the clinicians also ranked the worst
of the fuzzy model could attairf,,;, so in practice the (ranking 1), and all the points are superimposed at (1, 1). On
average interclinician agreemeate(p;) = 0.91 was taken the other hand, for the case that tliezzy* system ranked
as ps(min). Thus, f < 1 — ps(min) ~ 0.09 was taken as an 25th worst, the clinicians ranked as 14th, 16th, 17th, 18th,
acceptible performance. 19th, and 20th—these points therefore appear at (25, 14), (25,

The initial temperature, number of repeats andarameter 16), (25, 17), (25, 18), (25, 19), and (25, 20).

(step 2, Algorithm B) were found by trial and error. The An external criterion known as th&pgar scorewas avail-
tunable parameters were initialized in a random configuratiable for subsequent post-tuning validation of the final FES.
and the annealing algorithm was run using a cooling scheddleere are many other clinical factors apart from umbilical
whereby the temperature was reduced by a factar ef0.95 acid-base results that affect the Apgar score, so that high
until it reached fmth its initial value (90 iterations). The correlation between the two would not be expected clinically.
number of repeats was typically around 300 per iteratioBespite this,better interpretation of acid-base results would
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Fig. 5. Graph of six clinicians’ rankings against the optimized FES.

TABLE IX
VALIDATION OF EXPERT SySTEMS WITH OUTCOME (APGARS,

TABLE VIII
VALIDATION OF EXPERT SYSTEMS WITH OUTCOME

(APGAR, APGAR!) FOR ALL CASES (n = 9003)

APGAR') FOR ALL ABNORMAL CASES (n = 383)

Agreement Corr. (ps) | Sig. (p) Agreement Corr. (ps) | Sig. (p)
crisp system <> outcome 0.21 < 0.001 crisp system < outcome 0.44 < 0.001
fuzzy® system < outcome 0.14 < 0.001 fuzzy® system < outcome 0.26 < 0.001
fuzzy”™ system < outcome 0.24 < 0.001 fuzzy® system < outcome 0.52 < 0.001

be expected to haveettercorrelation with Apgar score. Thus, cians in the test that was designed, but also when compared
therelative correlation_of the expert systems against the entifg the most popular form of current overall neonatal outcome
database of cases withue pairedsamples where the Apgarassessment (the Apgar score). The reason for this poor per-
scores had been recordéd = 9003) was used to evaluate formance is not clear. In the crisp system the rule set is
their performance. The results in Table VIII showed that t"ﬁpnoverlapping and exclusive; each set of input parameters
fuzzy™ indeed performed the best of the three systems, albgij fire a single rule. It appeared that the multiple interaction
with fairly low overall correlatlon_. Th|s lower correlation is ot the fuzzy rules (especially in the intermediate cases) caused
due to the fact that the vast majority of cases98%) have 5 nerformance to degrade, due to weighting the base deficit
normal acid-base results and normal Apgar scores. Thus, figameters too highly (see Section IV). Ultimately, the reason
agreement was also calculated against the Apgar scoresfrine noor performance could only be investigated through
all cases with abnormal acid-base status= 383, def'”‘fd lengthy discussions with the clinicians on a case by case basis
by the crisp cutoffspHy < 7.05, BDAIZ 12 mmol.I™%, 5 identify situtations where the crisp system out-performed
pHy < 7.10, and BDy > 10 mmol.I™") and the results y,q f,,7y system, and then to examine the internal process-
in Table IX were obtained. For these novel abnormal casgsy (o establish “incorrect” behavior. Unfortunately, lack of
the fuzzy" system again achieved the highest correlation gf,japility of the clinicians prevented such an investigation.
all .three systems and at a level similar to that found during An encouraging aspect of this study was that the clinicians
tuning (Table V). did form a good body of agreement between themselves—not
always the case in studies involvirexpert clinicians. The
performance of the optimized FES was excellent—effectively
The initial performance of the FES was poor—worse thandistinguishable from the clinicians and the best of the expert
the original crisp system—not only when compared to clinsystems in the final validation test against Apgar scores.

V. DIsScuUsSION AND CONCLUSIONS
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Obviously, the FES has been tailored to perform well on the The SA algorithm is a simple general-purpose technique that
training set of 50 cases and would have to be retested agat®t optimize a fuzzy model used in an FES. Other optimization
clinician’s opinion on novel cases to ensure that the resutechniques could have been used and would have been equally
can be generalized. However, the advantage of the approaehd. SA is not necessarily the quickest or most efficient form
described over a neural network approach is that the firaflglobal optimization in terms of function evaluations, but it
fuzzy system can be analyzed and discussed with the (exp&teasy to apply to both discrete and continuous variables and,
clinicians to identify whether its rule set is acceptable on thbus, can simultaneously tune the structure and parameters of
meta level. The two changes made to produce the final fuzaymodel. If pragmatic considerations of speed (in terms of
model can both be justified from clinical knowledge and theoding effort) and ease of getting a fuzzy system working to
resultant fuzzy model is attractive through its ability to vara high-performance level outweigh the theoretical drawbacks
the relative importance of the pH and base deficit paramet@fsthe SA approach, then the method is extremely useful.
simply through alteration of the height of the base-deficit term
sets.

The use of subnormal membership functions to adjust the
relative weighting of fuzzy terms is a novel and promising
general purpose technique. The decision to change the heightet x be a vector of m discrete variablesxz =
of membership functions was made in an attempt to rectify tlie;, z2,---,z,,), where eachz; € X;, the set of all
apparent over emphasis that the FES placed on the base-dgficiisible values of théth discrete variable. Lef(z) be the
parameters. In the vast majority of applications and in mostst function being optimized (minimized).
theoretical work on fuzzy sets, it is assumed that membership1) etz, be an arbitrary initial (either random or specified)
functions should be normalized. While it is true that most (If starting point, letl” be the initial temperature, and léti
not all) clinicians would label a base deficit of, for example, be the initial number of repetitions.

25 ashigh with a truth of 1.0; it is questionable whether the 2) RepeatL, times:

truth that the statgment conveys as true as the statement a) generate a trial point* from the set of all possible

that a pH of 6.60 idJow—especially when the statements are solutions;

considered in the context of possible damage havmg ocpurred b) if f(z*) < f(z,), setz, = z*;

to a neonate. In other words, the context in which a particular . g :

linguistic term is used and its relationship to other linguistic ) if fla*) > flz,), then if exp(f(z,) —
f(x*)/T) > random[0, 1), setz, = z*.

variables in the same context can alter its maximum attainable k -
truth value. 3) If stopping criterion stop.

If one accepts the central tenet of fuzzy logic—that truth 4) Decrease temperatuf€ and adjust repetitiond.y ac-
can have different linguistic values with shape and form to ~ €ording to annealing schedule; go to step 2.
represent different human concepts of truth—then we see no
problem with accepting that certain statements will nevesibe APPENDIX B
trueas otht_ers V\{Ithln. a_spem_fled domain. The use of SUbnorW@(I)NTINUOUSSMULATED ANNEALING SIMPLEX ALGORITHM B
fuzzy sets in a linguistic variable allows the truth of statements . .
concerning that variable to be weighted within a domain in L€t ¥ be a vector ofn continuous variablesy =
a natural and consistent manner. Any internal change tol%: %2, --»¥n), Where eachy; € R with bounds[y;, y;'].
fuzzy model that alters the input—output mapping can be saifit /(%) be the cost function being optimized (minimized),
to change the meaning of the rules embodied in the mod&t ¥1,Y2: "~ 9., Y.y PE m + 1 vectors representing a
There is almost certainly an alternative formulation of theimplex in then-dimensional space. Lek; = f(y;), Gj =
fuzzy model that would achieve as good a performance as th@;) — T In(random(0,1)) (F} increased by a thermal
system presented here, but without needing to use subnorffituation factor), andd; = f(y;)+T In(random(0, 1)) (£}
sets. Such a model may feature a set of rules in which the gfcreased by a thermal fluctuation factor). If grig generated
parameters anBD..; parameters are separated out with rulé¥ith ¥ outside boundy; ory’, use (3) to evaluate the function.
concerning base deficits having an overall weighting factor, butl) Lety, be an arbitrary initial (either random or specified)
this representation may not be as appealing to the clinician.  starting point, letZ” be the initial temperature and &t

Indeed there are many other changes to the initial fuzzy  be the initial number of repetitions.
system that could have been made in addition to or instead o) Generate the initial simplex: leg;, = y, + Ae; for
subnormal membership functions. Examples of such changes ¢ = 1---n where thee;’s aren unit vectors and\ is
include alternative or additional rule sets, different numbers of @ constant corresponding to the characteristic length of
input or output membership functions, alteration of the width ~ the problem and ley,, ., = v,,.
and location of individual membership functions, or alternative 3) Evaluate then + 1 cost functions,F; = f(y;) for
defuzzification strategies. Such changes were not tried, asthey 7 = 1---n+ 1.
might not result in a model that was interpretable by the 4) RepeatL. times:
clinicians, whereas the final model produced does represent a) sort simplex points in order from best to worse (with
an internally consistent model of knowledge for the human a thermal fluctuation) such that; < G < ... <
clinicians. G, < Gny1;

APPENDIX A
DISCRETE SIMULATED ANNEALING ALGORITHM A
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b) calculate the centroid of best points inn + 1- 9) If stopping criterion stop.
dimensional space 10) Decrease temperatuiéand adjust repetition&,; and
" L. according to annealing schedule, go to step 6.
1
=2
j=1

c) Reflect the worst point through the “facing” centroid The authors would like to thank the r(_aferees f_or the many
pointy, = ¢+ (¢ — ¥, .1); helpful comments made during preparation of Fh!s paper. The

d) if H. < F, expand the reflected new best poin@uthors would like to thank K. Greene for his clinical support.
Y. = ¢+ 2(c — y,,,); then if H, < H,, set They Would_ also like to thank the experts who too_k part in
yﬁ+1 =y, or else sety, ., = y,; the comparison study: J. Westgate, K. BosM. Davies, S.
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