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Abstract

This paper argues that fuzzy representations are appropriate in applica-
tions where there are major sources of imprecision and/or uncertainty. Case
studies of fuzzy approaches to specific problems of medical diagnosis and
classification are described in support of this argument. The case studies are
in the areas of categorical consistency, diagnostic monitoring and scoring.
The solutions use a variety of fuzzy methods including clustering, fuzzy set
aggregation and type-2 fuzzy set modelling of linguistic approximations. It
is concluded that the fuzzy approach to the development of artificial intel-
ligence in application systems is beneficial in these contexts because of the
need to focus on uncertainty as a main issue.

Keywords: Diagnosis, Clustering, Monitoring, Linguistic Variables, Fuzzy
Logic, Type-2 Fuzzy Sets.

1 Introduction

The development of artificial intelligence methodology has been recognised as an
important requirement in complex problem solving situations. Medical diagnosis
is a particularly good example because of the complexity of the human mind and
body and our limited and vague knowledge of how these function. This knowledge
also varies with the expertise of the user. In a systematic approach to the acquisi-
tion of domain knowledge, the analysis of human physiology/psychology quickly
produces large numbers of cause-effect relations at many interacting levels of both
description and function. Necessarily, the relations are poor approximations of
complex dynamic systems and some account has to be made for uncertainty at this
level of description. Furthermore, the information available for searching this do-
main knowledge for a specific diagnosis is also usually vague (at least initially)
in that evidence is indirect (reported symptoms or lack of them) and observations
are incomplete and inaccurate due to the stochastic nature of mind/body psychol-
ogy/physiology. The level of expertise of the clinician cannot be discounted in



this process. Given that speed is also important in the diagnostic procedure, we
should develop techniques in artificial intelligence that can support fast, reliable
and accurate diagnosis with limited and vague information.

It is important that experts are repeatedly able to classify the same situation
in the same category. In this paper, we refer to the term ‘categorical consistency’
(defined in [28] with respect to compatibility of between data and models) as a
measure of how well experts can achieve repeatable classification performance.
Categorical consistency is a pre-requisite for the consultation systems such as those
expert systems based on traditional knowledge acquisition techniques. However, it
is important to understand that the establishment of consistent categories for classi-
fication is a result of intelligent processing by human experts and there may always
be disagreement between experts especially in uncertain information conditions.
Therefore, in this paper, we first consider how categories are established in a case
study concerned with radiographic image classification. We will show how fuzzy
representations are useful for taking uncertainty into account and can be applied
to model the acquisition of knowledge by experts. Steimann and Adlassnig [26]
have presented a strong case for using fuzzy sets to support heuristic methods of
diagnosis based on placing a major emphasis on the uncertainty in the information
in the process. This paper considers two further case studies in different diagnostic
domains defined by Steimann and Adlassnig: diagnostic monitoring and scoring.
We show how fuzzy representation and processing supports these activities by al-
lowing uncertainty and imprecision to be taken into consideration.

We first informally introduce the basic concepts of type-1 and type-2 fuzzy
sets. The purpose of this section is to briefly outline the basic ideas of fuzzy sets for
dealing with uncertainty and imprecision in an informal manner which is sufficient
only for the needs of this paper. Readers with knowledge of this may omit this
section. For those who wish a more formal discussion of the basic concepts see,
for example,[15] and [20].

2 Introduction to Fuzzy Sets

2.1 Type-1 Fuzzy Sets

Informally, a crisp (non-fuzzy) set is a collection of objects. Each object is either
a member of a particular crisp set or not. In a fuzzy set, an object is a member
of a particular fuzzy set to some degree, called a membership value. In a type-1
fuzzy set, membership values are in the range zero to one [0,1]. For example, a
glass of water may be drinkable to degree 0.3. This implies that the water may
not be very pleasant or have bad side effects to this degree. It is important to note
that the membership degree is not the same as probability. If the probability of a
glass of water is undrinkable is 0.3, the implication is that, out of 10 glasses, 3 of
them are completely undrinkable and the other 7 are drinkable. That is, the classes
‘drinkable’ and ‘undrinkable’ are represented as crisp sets and an object (glass of
water) exclusively belongs to one of them. An implication could be made, for



example, that 3 of the glasses were filled by water from one source and the other 7
from another. In the crisp set, if there is only one glass, it will contain water that is
drinkable or undrinkable. In the fuzzy case, there may be only one glass that has
been judged by a tester to be perceived as being undrinkable to some degree. The
rules of probability (e.g. that all relevant probabilities sum to 1) do not apply to
the fuzzy sets because there are separate mathematical operators and rules which
govern the union, intersection and other operations on fuzzy sets.

A more formal definition of a fuzzy set (a type-1 fuzzy set) is:

Definition 1 For any fuzzy set A, the function uy represents the membership func-
tion for which us(x) indicates the degree of membership that x, of the universal set
X, belongs to set A and is, usually, expressed as a number between 0 and 1:

ua(x) : X —[0,1].

For a discrete fuzzy set A, with members x1,...xy the usual notation is to write
A= /x; +up/x3+ -+ uy/xn. In this case, the + means union.

The determination of membership functions is difficult and people may char-
acterise fuzzy sets by using a language term such as one from the set high, low,
medium. Thus, for a particular judge, a glass of water may be drinkable to high
degree, where ‘high’ is defined as a fuzzy set over the domain [0,1] and at the same
time undrinkable to a ‘very low’ degree where ‘very’ is a modifier of the fuzzy set
‘low’. To arrive at an outcome for deciding whether a particular sample of water
is drinkable from a large number of judges, we must use fuzzy set composition
rules (for example, the simple additive model in [20]) to combine these fuzzy sets
and then defuzzify the combined set into a crisp value to determine the overall as-
sessment of the drinkability of a particular sample. Now suppose that we invent
a device that measures an estimate of ‘water goodness’. In a crisp approach, we
would have a simple threshold for this value above which we would assign the
sample to the ‘undrinkable’ set and below which we would assign it to the ‘drink-
able’ set. This requires us to use a suitable method to determine a threshold such
as sampling and testing with a variety of human (or even models of) judges. Given
that human beings are all different in their response, we should expect that such a
threshold will not be crisp and that some judges will place a particular sample in
one set and other judges in another. In a fuzzy approach we allow a fuzzy threshold
where a particular sample can belong to both the undrinkable and drinkable sets to
some degree by using a membership function such as that shown in Figure 1. This
allows us to deal with uncertainty in the measurement device and judgements by
people but the problem is to determine the membership functions so that some
global optimisation is achieved (e.g. of the average drinkability of the water).

2.2 Type-2 Fuzzy Sets

The fuzzy functions are themselves subject to uncertainty especially when derived
from different human judges since we must allow judges to differ in their mem-
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Figure 1: Fuzzy sets for drinkable and undrinkable water
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bership values for the same sample. This secondary source of uncertainty can also
be accommodated using a fuzzy approach by replacing each membership value by
a type-1 fuzzy set. The second order fuzzy set is called a type-2 fuzzy set. For
example, for each value of ‘water goodness’ there is now a type-1 fuzzy set which
represents the range of membership values associated with it. Set operations of
union and intersection have been developed for type-2 fuzzy sets that allow infer-
encing and higher level processing (composition and defuzzification) to be carried
out[22, 17]. Formally a type-2 fuzzy set can be defined in the following way[19]:

Definition 2 A type-2 fuzzy set is characterised by a fuzzy membership function,
i.e. the membership value (or membership grade) for each element of this set is a
Sfuzzy set in [0,1], unlike a type-1 fuzzy set where the membership grade is a crisp
number in [0,1].

2.3 Defuzzification

Once the fuzzy reasoning has been completed it is usually necessary to present the
output of the reasoning in a human understandable form, through a process termed
defuzzification. There are two principle classes of defuzzification, arithmetic de-
fuzzification and linguistic approximation. In arithmetic defuzzification a method
is used to extract the single value in the universe of discourse that ‘best’ (in some
sense) represents the arbitrarily complex consequent fuzzy set (Figure 2). The
two most popular methods of arithmetic defuzzification are the centre-of-gravity
(centroid) algorithm and the mean-of-maxima algorithm. For the consequent set
A= /01 +u/®;+ -+ uy /oy, the centre of gravity algorithm provides a single
value by calculating the imaginary balance point of the shape of the membership:
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The mean-of-maxima algorithm finds the point in the universe of discourse with
maximum membership grade:
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and calculates the mean of all the maxima if more than one maximum is found.
This approach is typically used in areas of control engineering where some crisp
result must be obtained.

Mean of Maxima
Centre of Gravity

Figure 2: an arbitrary fuzzy output set illustrating the difference between centre-
of-gravity and mean-of-maxima defuzzification

In linguistic approximation the primary terms in the consequent variable’s term
set are compared against the actual output set in a variety of combinations until the
‘best’ representation is obtained in natural language. A similarity measure is used
to compute the distance between the actual output set and an arbitrary collection
of primary terms, connectives and hedges. For example, a shower control variable
with primitive terms such as cold, medium and hot, and allowable hedges of fairly
and very, might produce a composite linguistic term such as medium and fairly hot.
One such similarity metric is the Euclidean distance between fuzzy sets, given by:

8= /) (ui—mi)> 3)

where y; is the membership of the output set and m; is the membership grade of
the currently considered linguistic approximation — the minimum value of & will
determine the best match. Alternatively, the degree of overlap, 7, of two fuzzy sets,
A and B, can be calculated by dividing the area of intersection by the area of union
of the sets: ANB

Y=10B “4)
to give a value between zero for disparate sets and one for coincidental sets — the
maximum value of y will determine the best match. A search is then carried out to
find the best match whilst attempting to limit the complexity of the combination of
terms, in order to produce comprehensible output. This approach is typically used
in expert system advisory applications where human users view the output.

2.4 Fuzzy Logic and Probability

It should be made clear that this introduction is not intended to argue for fuzzy
logic and against probability. These methods, although fundamentally different,



are related (see [20]) and may be used in a complementary manner if desired to
cope with different sources of imprecision and uncertainty. In this paper, we aim to
show how fuzzy approaches are suited to the context of our medical applications.
We leave it to others to argue a separate case for using probability in the same
context. The rest of the paper concerns itself with describing how fuzzy logic has
been used successfully in medical applications.

3 Categorical Consistency

It is obvious that people learn by experience and that their ability and need to learn
varies. The result is that the categories that people learn to recognise need to be
revised after a period of experience. In the worst case, this may produce major
re-classification of previous material and hence new categories are not necessarily
consistent with the old ones in terms of constituency. The provision of relatively
novel measuring devices can force this process to occur in a wide variety of appli-
cations. In the medical domain, the development of non-invasive body scanners is
such an example. In turn, the new measuring devices evolve and re-classification
continues to be necessary as each new generation enables higher resolution and
new measurements.

Most diseases progress through different stages and complicate the classifica-
tion process since a disease at one stage can be confused with a different disease at
another stage ([11, 13, 12]). However, there is usually an assumption that disease
stages can also be categorised and this may not be a clear process for some classes
of diseases or conditions. In the worst case, there may simply be a continuous de-
terioration which has no clear stages associated with it. In this case, the problem of
achieving categorical consistency between different patients is severe. Some dis-
eases conditions only occur in soft tissue where some measurement devices have
limited resolution and the conditions of measurement and the observer can affect
the classification process. The perceptions of observers differ and, in some cases,
within observer variations can also be important. In the worst case, we can have
all of these sources of imprecision and uncertainty and we must develop a method
for coping with this. In this case study, reported in detail in [10, 14], we will show
how modelling the acquisition of experience using fuzzy neural networks helps to
understand the within observer classification process. We first describe the context
and then the fuzzy approach to representing uncertainty.

3.1 The medical context

There has been a marked increase in the number of people engaging in sport/exercise
over the last fifteen years or so and a corresponding number of injuries presented in
injury clinics. Clinicians have therefore built up significant expertise in recognis-
ing and classifying these injuries and have accumulated evidence to support them
such as bone scan radiographs. However, the incidence of exercise-induced lower



leg pain at particular regional clinics is relatively low. Even at a specialist centre,
the incidence may be only 20 per year or so. Given that these cases can be clas-
sified into several main categories, it is by no means certain that every clinician
will experience all possible classes of injury over a relatively long period of work.
Furthermore, the less obvious classes are likely to be confused since they occur
over a period of time where correlated features can be forgotten and the stages of
the injury are not distinct. The order and time of occurrence of presentation at the
clinic is clearly important for these cases since the experience of the clinician plays
a dominant part in determining suitable classes.

Our goal is to provide help to a specific expert clinician in classification of
sports injuries by providing a system that shows similar cases and how they have
been previously classified This is not an easy problem because of the large sources
of uncertainty. The system is based on extraction of features from bone scan im-
ages that are then submitted to a suitable clustering algorithm (Adaptive Resonance
Theory (ART) [2]). It would not be possible with the paucity and imprecision of
the data and the state of knowledge of the expert in terms of categorical consis-
tency to provide an ‘automatic’ classification, by, for example, applying standard
methodologies for developing expert systems based on rules or back propagation
neural networks. This research set out to address whether, with the ART fuzzy
neuro-clustering technique, some insights may be provided to the expert that they
can use along with their experience and knowledge in order to ensure categorical
consistency. It is envisaged that this process is an essential first step in a method-
ology designed to improve knowledge acquisition for possible future classification
systems.

3.2 Uncertainty and Imprecision in Knowledge and Data Sources

There are distinct sources of uncertainty in images, which arise from various causes.
Bone is a living tissue and as such is constantly being remodelled. In preliminary
research that attempted to extract features using image processing algorithms, a
major source of variation in the images was found from normal human variation
in leg anatomy. The distance between the knee and ankle could vary as much as
30% over the range of age, sex and other characteristics of the sample population.
Bone scanning is a technique that produces an image of the bone on a scintogram
and indicates areas of abnormal bone turnover, which may indicate a pathological
process. Unlike X-radiographs, scintograms do not reveal distinct clear images,
which necessarily directly correspond with anatomical features. Thus the interpre-
tation of the image is not trivial in the majority of cases. For instance, the expert’s
judgement of the distinctiveness of a line on the image or whether a line is ‘much
longer’ than its width are important in assisting with the classification.

This subjective judgement is clearly a part of the perceptual expertise of the
observer, which takes into account the differences between patients, and yet this
knowledge is difficult or impossible to effectively capture in numerical feature ex-
traction based systems. Fuzzy sets are based on the principal notion of members



belonging to a set to some degree and are thus well matched to modelling observer
perceptions of vague information. Knowledge acquisition is notoriously difficult
for fuzzy systems since it is particularly difficult to determine membership func-
tions. For this application the uncertain or imprecise nature of the knowledge needs
to be captured as input to the clustering neural network (ART). The knowledge ac-
quisition was carried out by interview. On interviewing the expert, it was agreed
that the most effective way of capturing the expert’s description of the image would
be via a questionnaire. After discussion a pro forma was generated that allowed the
medical domain expert to view images and record the results. It was decided in the
main to use feature attributes which could then be converted into a numerical for-
mat. An example of a question about a line on a particular leg on an image is :
What best describes the length in relation to the width?

e Much longer
e Longer

e Same

e Less

Much less

The questionnaire was piloted, some amendments made and finally 203 expert
selected images covering approximately 10 years experience were analysed using
the questionnaire. Images were selected by the expert by sampling each years
images for a selection of all classes including those which were not classifiable.
A sample of these questionnaires was double checked by an independent expert.
These results were post processed into normalised numeric fuzzy vectors suitable
for clustering with a neural network. Since the expert usually viewed both legs on
a single scintogram, we collected information about both the left and right legs in
our questionnaire.

3.3 Data and Classification analysis

There is no precise way, when viewing an image, of determining the problem with
any given shin. Thus, at the time of acquisition, it may only be possible to state
that an image is not simply classifiable in terms of the existing know assumed
classes. We may assign this image to a class of ‘unknown’ (denoted by ‘?’). An
image which is classed as ‘?° does not imply that it cannot be classified at some
later time in different circumstances, for example, when a set of similar images
are viewed together. 2 data sets were available for clustering and comparison.
Each consisted of 203 vectors. An additional file of classes was available whose
entries corresponded to the expert’s initial classification of each vector. 82 of the
vectors classed as ‘normal’ were all zeros and were removed from the data as their
classification is trivial. Thus, there are six classes used in the analysis; Medial



Tibial Syndrome (‘mts’), Normal (‘n’), Stress (°s’), Healing Stress Fracture (‘hsf”),
Patchy(‘p’) and Unknown (‘?7’). The particularly large frequency of unknowns
(-30%) in the data reflects the problems experts are facing when presented with
relatively small numbers of special cases presented in chronological order over a
long period of time. This shows the need for developing a method which helps the
expert improve the classification process by presenting a subset of similar images
which can be viewed all at the same time. This method should allow inferences to
be made about the classes of the unknown images even though there is a relatively
small amount of data (121 cases) covering several classes (6) with a highly skewed
distribution.

The majority of statistical methods (e.g. linear modelling) and some neural
methods (e.g. multi-layer feedforward networks) require considerable amounts
of well formed statistically sound data for reliable use which is not available in
this context. We therefore use a simple clustering method using Fuzzy Neural Net-
works which will enable coarse judgements to be made about the class of unknowns
without statistical support (e.g. levels of significance or certainty). The method is
to perform classification analysis of exercise-induced lower leg pain by applying
competitive neural network clustering and mapping techniques to type-1 and type-
2 fuzzy descriptions of bone scan images of the tibia. The clusters are described
and compared with each other and with the experts known classes that would be
expected from medical findings. The raw questionnaire data is normalised by con-
sidering the range of the linguistic categories of each attribute. These numbers are
then considered to be equivalent to fuzzy set membership values for each attribute
and are thus type-1 fuzzy data. However, given that some attributes are clearly
binary, these vectors may more realistically called hybrids of data types or fuzzy
‘granules’.

Ratio and length are considered by the expert to be important attributes for a
large subset of the data, and it was decided to try to capture the 2nd order levels
of uncertainty in a representation of these factors. The basic descriptors repre-
sented the best estimate that the expert’s interpretation could produce. Therefore,
an experimental approach was adopted which involves converting the linguistic
categories of the ratio of the sizes of the abnormalities on left and right legs and
right and left relative lengths into type-2 fuzzy data. Type-2 fuzzy sets capture a
higher level of imprecision than ‘traditional’ (type-1) fuzzy sets by allowing for
fuzzy membership grades. Instead of a number in [0,1] the membership grade is a
fuzzy set. In other words we can represent the grades as linguistic terms or fuzzy
numbers. This is a very powerful notion in that the usual ‘crispness’ required when
describing a membership function is removed. The use of type-2 fuzzy sets is on
the increase[18, 23]

The membership grades (which are type-1 fuzzy sets) for the type-2 sets for
ratio and length are shown in Figure 3. Triangular membership functions have
been selected. These are represented as inputs to the networks by the 3 intersection
points of the triangle.
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Figure 3: Ratio and length as type-2 fuzzy sets

3.4 Clustering Data Using Fuzzy Neural Networks

There are many approaches which could be taken to cluster fuzzy data. We consider
here two simplified competitive fuzzy neural models based on a simple search and
match process. One network which was chosen in this research for cluster discov-
ery is based on Adaptive Resonance Theory (ART) [2] since it provides suitable
plasticity and does not need large quantities of data. ART networks take feature
vectors in the input layer where, after suitable search criteria have been met (cat-
egory choice), they are individually mapped into a single node in the recognition
layer corresponding to a cluster identifier. If a node cannot be mapped into (fails the
match criterion) the search continues until all existing nodes have been exhausted,
then a new node is established. In this way the ART network is ‘plastic’ though
stable. This is a big advantage over fixed topology networks such as the Kohonen
and multi-layer feedforward (MLFF) nets for applications such as ours where we
wish to discover an unknown number of clusters. The ART algorithm we used
and the base program which implements it is presented in [29]. A detailed anal-
ysis of the non-linear differential equations that describe ART can be found in[3].
ART can be easily modified to process fuzzy information (type-1 FUZZYART).
We wished to modify FUZZYART so that clustering would properly take account
of the differences between the information contained in the fuzzy granule descrip-
tion. In order to do this we had to consider both the differences in representation of
type-1 and type-2 fuzzy information, as well as how they should be processed. The
discovered clusters provide training sets for supervised learning by an ARTMAP
neural network[4]. These were used to classify the previously unclassified images
and hence improve the classification process. We carried out a series of experi-
ments using the data and the clustering algorithms which are reported in detail in
[10] and [14] The experiments involved adjusting the clustering parameter of ART,
the ordering of the data and type-1 and type-2 representations. We present a brief
selective summary of these results below.
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3.5 Results

When neuro-fuzzy clustering is used with with type-1 data presented in the order
in which the patients arrived, it was clear that the expert finds the presentation of
images in similar groups interesting and causes some review of existing categori-
sation. However, it was equally clear that, in some cases, a previously categorised
image has become less certain. This shows the inherent instability in the classifica-
tion process due to the paucity of data that also contains uncertainty. The result of
this simple experiment was that a set of clusters could be used to guide an expert
in reviewing the data base. In assessing the results, the human expert was given the
instruction to use the following rules :

1. if the system predictions all agree on a particular prediction category use one
of the following terms to describe your opinion of your agreement with the
system:

o very likely (vI)
e likely (1)
e possible (po)

e impossible (ipo)

2. if the system produced differing predictions indicate your preferred predic-
tion category

Of the 38 unknowns, 22 were predicted with agreement from neural models (2
as normal, 9 as healing stress fracture and 11 as MTS). These included the opti-
mistic predictions from clusters with one class. Of the 22 predictions, 5 were not
agreed with by the human expert. Of the 16 unknowns predicted without agree-
ment, only 4 were agreed with by the human expert as being unpredictable in the
existing classification scheme.

The human expert was, however, able to indicate for each of these cases which
classes were not possible for that image. For these unclassifiable images, we may
conclude that either the classes currently defined are not exhaustive, or the images
were too uncertain in their content and could belong to any of several classes.
This represents only ~2% of the total data base which would indicate the latter
interpretation is more likely.

We now presented the clustering algorithm with randomly ordered data and
repeated the clustering experiments. In addition to the order of input, we wished
to explore the parameters which were important for further work. In particular, we
wanted to discover if we could improve the prediction of classes of unknowns by
using type-2 fuzzy sets rather than type-1.

We found that the majority of clustering results are usefully agreeing with the
expert in the classification of unknowns. Inspection of the proportions of agree-
ment within the classes shows that the main sources of agreement are for ‘mts’
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(80% of 15 cases) followed by ‘h’(40% of 15 cases). The ‘p’ and ‘s’ classes are the
most unreliable possibly because of the small number of cases (2). This would be
expected by the combination of the specificity of the methods and the paucity and
fuzziness of data associated with each class. In the first experiments, the human
expert identified 4 unknowns which could not be classified but which could be ex-
cluded as belonging to particular classes. These impossible classes were predicted
by some neural models (ART clustering). No neural model was able to match the
human expert. Deductions from this are limited.

The data indicates that type-1 produces generally more unclassifiable cases
than type-2. This would be expected from the usual trade off between false and
true positives when a decision criterion has been consistent in a neural method.
Overall, the accuracy of single neural models is at best 70% and at worst, 27%.

3.6 Conclusion

This section has discussed work on using a fuzzy approach to assist the classifica-
tion of radiographic images. Experiments revealed that care had to be taken with
the plasticity of the neural models if robust conclusions are to be drawn. However,
by simply providing clusters of related images to a human expert, he was able to
eliminate the majority of previously unclassified images by providing a class and
its likelihood for an image. The sets of clusters generated by the neural models
are dependent on the order of presentation of the data and the setting of control
parameters. This appears to be a good model of knowledge acquisition by experts
in this domain. The overall conclusion is that the use of fuzzy representation and
the fuzzy neural clustering methods has improved the classification process of the
shin images in helping achieve categorical consistency despite the paucity of data
and its inherent uncertainty. The work has also shown that it is possible to auto-
matically classify new images by using clustering neural networks combined with
a suitable interface and automatic feature extraction software.

4 Diagnostic Monitoring

There are many medical devices available to measure some physiological param-
eter(s) of a patient. Such measured (numerical) parameters are usually recorded
and then interpreted in context by a clinician to monitor the clinical status of the
patient. This physiological monitoring is then most often combined with other pa-
tient information to form a diagnosis of their condition. The process of interpreting
these parameters in context using clinical knowledge can be replicated by expert
systems. However, any physical measurement device has inherent uncertainty (in-
accuracy and imprecision) in its results, and there is always additional uncertainty
in the contextual data and vagueness in the clinical knowledge. Fuzzy logic pro-
vides a natural framework for representing and incorporating all these sources of
uncertainty into an expert system for diagnostic monitoring. We present a case

12



study of such a fuzzy expert system in the field of immediate neonatal assessment
at birth.

4.1 Neonatal Assessment at Birth

Childbirth is a stressful experience for both mother and infant. Even during normal
labour every infant is being regularly deprived of oxygen as maternal contractions,
which increase in frequency and duration throughout labour until delivery, restrict
blood supply to the placenta. This oxygen deprivation can lead to fetal ‘distress’,
permanent brain damage and, in the extreme, fetal death.

In the 1950’s Virginia Apgar introduced a scoring system [1] to indicate the re-
quirement for neonatal resuscitation, which was originally intended to be assessed
objectively by an independent observer. It has since been adopted almost univer-
sally in the developed world. However, it is now widely assigned by the attending
clinician, is therefore subjective and is often assigned retrospectively. The Apgar
score is also affected by factors that existed prior to the onset of labour such as con-
genital abnormalities of the fetus and events immediately after delivery. The need
remains to establish an objective, physiologically based, immediate assessment of
the health of the newborn infant which can be used to accurately evaluate obstetric
care. Such an assessment could be used to guide neonatal care, provide individ-
ual feedback to clinicians, audit overall hospital performance, teach inexperienced
clinicians and assess the impact of new technologies.

An assessment of neonatal outcome may be obtained from analysis of blood
in the umbilical cord of an infant immediately after delivery, and has been rec-
ommended in the United Kingdom by the Royal College of Obstetricians and Gy-
naecologists [24]. The umbilical cord vein carries blood from the placenta to the
fetus and the two smaller cord arteries return blood from the fetus. The blood from
the placenta has been freshly oxygenated, and has a relatively high partial pressure
of oxygen (pO;) and low partial pressure of carbon dioxide (pCO,). Oxygen in
the blood fuels aerobic cell metabolism, with carbon dioxide produced as ‘waste’.
Thus the blood returning from the fetus has relatively low oxygen and high car-
bon dioxide content. Some carbon dioxide dissociates to form carbonic acid in
the blood, which increases the acidity (lowers the pH). If oxygen supplies are too
low, anaerobic (without oxygen) metabolism can supplement aerobic metabolism
to maintain essential cell function, but this produces lactic acid as ‘waste’. This
further acidifies the blood, and can indicate serious problems for the fetus.

A sample of blood is taken from each of the blood vessels in the clamped um-
bilical cord and a blood gas analysis machine measures the pH, pO, and pCO,. A
parameter termed base deficit of extracellular fluid (BD¢cr) can be derived from the
pH and pCO, parameters [25]. This can distinguish the cause of a low pH between
the distinct physiological conditions of respiratory acidosis, due to a short-term
accumulation of CO;, and a metabolic acidosis, due to lactic acid from a longer-
term oxygen deficiency. An interpretation is then made based on the pH and BD¢
parameters (‘the acid-base status’) of both arterial and venous blood.
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There are, however, a number of difficulties with such umbilical acid-base anal-
ysis. Difficulties in obtaining the samples can result in two samples from the same
vessel or mixed samples, whilst blood in the syringe can alter due to exposure
to air. Blood gas analysis machines require regular calibration and quality con-
trol checks to ensure continuing performance to the manufacturer’s specifications.
Careful retrospective analysis of the acid-base results obtained during a trial on
electronic fetal monitoring highlighted a 25% failure rate to obtain arterial and ve-
nous paired samples with all parameters [27]. This sampling error rate is broadly
in line with other studies in which the importance of paired samples was recog-
nised. The study also highlighted the fact that considerable expertise was required
to reliably recognise these errors and accurately interpret the results.

4.2 A Fuzzy Expert System for the Analysis of Umbilical Acid-Base
Status

A fuzzy expert system was developed for the analysis of umbilical cord acid-base
status, encapsulating the knowledge of leading obstetricians, neonatologists and
physiologists gained over years of acid-base interpretation. The expert system
combines knowledge of the errors likely to occur in acid-base measurement, phys-
iological knowledge of plausible results, statistical analysis of a large database of
results and clinical experience of acid-base interpretation. It automatically checks
for errors in input parameters, identifies the vessel origin (artery or vein) of the
results and provides an interpretation in an objective, consistent and intelligent
manner.

This process is carried out in two distinct phases; validation of parameters and
interpretation of parameters. The expert system comprises two separate fuzzy rule
bases, one for each phase.

4.3 Validation of Parameters

The three measured parameters (pH, pO,, and pCO,) for each sample are intro-
duced to the expert system without labelling — the detection of parameter errors
and identification of vessel origin for each sample is an entirely automatic data-
driven process carried out by the expert system.

There are two main classes of parameter error:

o sample source — for some reason the blood drawn into the two syringes does
not constitute the intended samples of arterial and venous blood (for exam-
ple, it is relatively easy to inadvertently stick the needle right through a cord
artery and mistakenly draw blood from the vein, due to either inadequate
umbilical cord segment or poor sampling technique);

e parameter inaccuracy — the measurements reported by the blood gas anal-
ysis machine do not accurately represent the frue parameter values of the
blood sample.
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This can be caused by either:

— machine error — the blood gas analysis machine has drifted somewhat
from true calibration;

— sample error — the sample contains air bubbles or other miscellaneous
contaminants;

— time delays — the umbilical cord was not clamped immediately, or
there is some time delay between taking the samples and then in intro-
ducing samples into the blood gas machine for measurement (note that
it has been experimentally verified that parameter values remain stable
in a clamped cord segment for around one hour).

As a first step, the expert system examines the relationship between the pH and
pCO, parameters for each sample independently. Briefly, there is a biochemical
relationship between these parameters such that, for neonatal blood, bounds can
be established on a physiologically possible pCO; for any given pH. The expert
system checks that the parameters fall within these bounds to exclude, for example,
samples where non-blood fluid has been accidentally sampled. Once it has been
established that the parameters are compatible with neonatal blood, the parameters
can be compared across samples to detect further errors and identify vessel origin.
A number of experiments were carried out in order to establish the maximum likely
error in each parameter (given a known sample source) as summarised in Table 1.
The consequent likely error in the derived base deficit parameter was determined
mathematically from the component uncertainties.

5pH SPCOQ 8p02
Arterial  0.025 0.61 kPa 0.31 kPa
Venous 0.010 0.24kPa 0.15 kPa

Table 1: the combined maximum likely uncertainty (two standard deviations from
the mean) in each umbilical cord acid-base parameter

Physiologically, it can be expected that the arterial pH (pH?) is lower than
the venous pH (pH "), the arterial pCO, (pCO,*) is higher than the venous pCO,
(pCOzv), the arterial pO, (pOzA) is lower than the venous pO, (pO2V), and the
arterial BDec¢ (BD?) is higher than the venous BD.¢ (BDV). These facts are ex-
pressed in the definitions of parameter differences as shown in Table 2 such that
the A ’s are all expected to be positive.

If two good venous samples were obtained, then each parameter should differ
by amounts close to, or less than, the venous values shown in Table 1. As two
samples may both be accidentally obtained from the vein, both from the arteries,
one may be mixed arterial-venous, or both may be mixed, a ‘safe’ vessel identifica-
tion rule may be that if all parameters differ by more than the largest uncertainties
in Table 1, then the samples can definitely be taken as a true arterial-venous pair.
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Difference  Definition

ApH venous pH — arterial pH
ApCO, arterial pCO, — venous pCO,
ApO, venous pO, — arterial pO,

ABDect arterial BDeer — venous BDegr

Table 2: the definition of A for acid-base parameters

Given that the lowest pH is initially labelled as the artery (or if the pH’s are the
same, the highest pCO,; is labelled as the artery, or if the pH’s and pCO;’s are
the same, the lowest pO, is labelled as the artery), then the list of possible sample
differences and their associated vessel identification are shown in Table 3. A ‘0’
indicates that Aparameter is zero, a ‘—’ indicates that Aparameter is negative, and
a ‘+’ indicates that Aparameter is positive.

ApH ApCO, ApO, Origin

0 0 definitely same

0 + probably same

+ 0 probably same

+ - probably mixed
+ + probably different
0 0 probably same

0 — probably mixed

0 + probably different
0 probably mixed

definitely mixed

+++++++++ococcoo

- + definitely mixed
+ 0 probably different
+ — definitely mixed
+ + definitely different

Table 3: list of possible sample differences and the associated vessel identification

A fuzzy rule-base was designed to produce the target behaviour shown in Ta-
ble 3, with smooth transitions between each of the categories. The rule-base con-
sisted of a set of five rules relating the differences in fuzzy input parameters (the
pH, pCO,, and pO, in both samples) to a single fuzzy output variable, the origin
of samples. Each input parameter was first fuzzified to possess a width equal to the
largest (arterial) uncertainties in Table 1, as shown for example in Figure 4. The
fuzzified input variables were then passed through the vessel identification rule-set
with rules of the form:
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IF pH” IS-EQUAL-TO pHY

AND pCO,A IS-ABOUT-EQUAL-TO pCO,V
AND pO,* IS-ABOUT-EQUAL-TO pO,V
THEN origin IS paired
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pH

Figure 4: An example of a pH input parameter with a fuzzy width (note that the
width has been exaggerated for clarity)

Linguistic approximation of the origin output variable was used to determine
the appropriate vessel labelling. A linguistic output corresponding to different,
mixed/different or not same causes the vessels to be labelled as an arterial-venous
pair. Any other linguistic output, or the presence of only one input sample, caused
the sample to be labelled as a single venous vessel. An arterial-venous pair would
then have its input variables re-initialised with the crisp values of the input pa-
rameters, fuzzified to have a width equal to those in Table 1. The BD.. for each
vessel is then calculated from the pH and pCO, parameters and then fuzzified to
the derived width.

If both vessels were missing, both the arterial and venous parameters would be
initialised with p4(x) = 1 across the universe of discourse. In such a situation all
rules fire with maximum strength and the output of all variables tends to u4 (x) = 1.
In practice such a situation is very rare (1 case out of > 10000), and the much more
common occurrence is the single vessel. In this case, a single vessel is always la-
belled as venous for the reasons that firstly, the vein is much easier to sample than
the artery and hence an arterial sample without a venous sample is unlikely in the
extreme and, secondly, as the artery is effectively ‘worse’ than the vein from a
health point of view, assuming a single vessel is a vein is the safest option. It might
be thought that the subsequent arterial parameters would simply be initialised with
ua(x) = 1 across the entire fuzzy set. However, this ignores the fact that, phys-
iologically, the arterial parameters would be such as to maintain positive A’s —
i.e. if the arterial pH was not known, it could still be assumed to be lower than
the venous pH. Thus, the actual procedure was to initialise a missing arterial pH
parameter with a fuzzy set consisting of the inverted left-hand edge of the venous
fuzzy set, and to initialise a missing BD.. parameter with a fuzzy set consisting
of the inverted right-hand edge of the venous fuzzy set. This is demonstrated in
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Figure 5, in which missing arterial values have been set to us(x) = 1 relative to
venous values of pH = 7.10 and BD¢s = 9.7 mmol.1"!.

1.00 ~ . 1.00 Z
; 1
. vein '
0.75 - = artery 0.75 i vein
' 1 = = artery
0.50 0.50
l .\
025 ,- 0.25 J ' \
1
1
I
A}
0.00 J \ z

0.00

yl

membership value
membership value

Figure 5: illustration of missing arterial values given known venous values of pH =
7.10 and BDet = 9.7 mmol.1"! (note that parameter widths have been exaggerated
for clarity)

4.4 Interpretation of Parameters

Once vessel identification has been carried out, the sample(s) are passed through
the interpretation rules. The basic principles of acid-base analysis elicited from the
experts were that:

(i) acidemia is based on the absolute value of arterial pH (lower arterial pH
implies worse acidemia), refined by the value of the venous pH;

(ii) component is based on arterial BDcf (high BDe.t implies metabolic compo-
nent, low BD.s implies respiratory component), refined by venous BDe¢;
and

(iii) duration is based on pH and BDes differences (smaller differences imply
chronic duration, larger differences imply acute duration), refined by abso-
lute arterial values.

These basic principles were encapsulated in a set of fuzzy rules developed
over a series of elicitation and comparison sessions with acknowledged umbilical
acid-base experts. Three fuzzy output variables (acidemia, component, and dura-
tion) were utilised in rule consequences, with the availability of graphical output
of the consequence fuzzy sets. The consequent fuzzy sets were defuzzified by both
the centroid method and linguistic approximation, and the results were validated
against international expert opinion.

4.5 Validation of the Fuzzy Interpretation

The cases for each task were selected by the independent engineer from the database
of over 10 000 results (approximately 400 abnormals), but this selection presented
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serious problems. Cases could not be selected from the entire database on a uni-
form random basis, as this would have resulted in approximately 75% paired arterial-
venous samples, and approximately 98% normal interpretations. In essence it was
desired to uniformly span the target outputs, so that a roughly even spread across
the various output sets would have been obtained from the combined experts (and
expert system). However, this pre-supposed that the output was known — which
it obviously wasn’t for the validation study. An in-house expert could have been
used to select difficult and/or representative cases, but due to the restricted num-
ber of experts available this was not feasible. The problem was solved by using
a categorisation already obtained by a previously developed crisp expert system
to guide the selection of cases. Two sets of fifty cases were randomly selected to
roughly span the crisp expert system categorisations. This ensured that a few cases
were obtained from a variety of conditions, including results that had parameter
errors, results from a single vessel, and results ranging from metabolic acidemia to
normal.

The centroids of the fuzzy output variables were combined into a single index
by:
component . duration 5)

20 10

where the relative weighting of the three terms had been determined empiri-
cally. Given that the three output variables are arranged in such a way that low
scores indicate a worsening condition for the infant, to the extreme severe, metabolic,
chronic acidemia, this index can be thought of as indicating the health of the infant
as represented by its acid-base balance at birth. The experts were asked to rank fifty
cases from ‘worst’ to ‘best’, in terms of likelihood that the infant may have suffered
damage during labour, on the basis of the acid-base information alone. Spearman
rank order correlation was used to determine the degree of association between the
expert system’s ranking of cases, specified by the index described above, and the
experts’ ordering. Note that this is effectively the same as minimising the mean
square error between the desired rankings and the obtained rankings.

The experts were given the two sets of pH and BD..¢ parameters from each of
fifty cases, and were asked to indicate their opinion of the closest linguistic inter-
pretation for three linguistic variables; acidemia, component, and duration. For
each variable they were instructed to mark zero, one or two terms to indicate the
closest match. This was specifically designed to allow the expert to mark two adja-
cent labels if they felt a result fell in-between two labels, or to mark no label if there
was insufficient information, or no label was appropriate. To measure the agree-
ment between two expert’s linguistic categorisation a measure of (nominal) cate-
gorical agreement was required. The kappa statistic [S] was used to measure exact
agreement between experts and the expert system linguistic outputs and weighted
kappa [6] was used for partial agreement.

condition = acidemia +
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4.6 Results

The individual inter-expert and expert-Fuzzy Spearman rank order correlation co-
efficients obtained are shown in Table 4. The average inter-expert agreement is
calculated by taking the average of each expert against the other three experts,
and the average Fuzzy agreement by taking the average of agreement with all four
experts. As can be seen, the fuzzy expert system performed exceptionally well
against experts A, B, and C. These three experts had taken place in the previous
study, and the average expert system agreement with these three is 0.94 — slightly
lower correlation was obtained against expert D, although the fuzzy expert sys-
tem was no worse than the other experts. These results are illustrated in Figure 6,
in which each of the expert’s rankings are plotted against the fuzzy expert system
rankings — perfect agreement would result in a diagonal line from (1,1) to (50,50).

The results of the linguistic interpretation agreement were generally found to be
relatively low, even for weighted kappa, both for inter-expert agreement and expert-
Fuzzy agreement. An attempt was made to investigate the effect of different pH
and BD..s weights on these linguistic agreements, but in general it was found that
performance was not significantly increased above the results achieved with default
weights. It would seem that while the experts can agree on relative ‘badness’ of
results, placing a linguistic label on the results is much more subjective.

4.7 Conclusion

The resultant fuzzy expert system explicitly represented uncertainty in both the
input data and the knowledge base. Although presented as a single achievement,
the eventual fuzzy system was only arrived at after a long, iterative development
process, beginning with the creation of a crisp expert system [9, 8], followed by
an intermediate fuzzy expert system, which performed only interpretation of previ-
ously validated parameters [7]. The fuzzy expert system was tested in a validation
study and was found to perform favourably compared to internationally acknowl-
edged domain experts.

Table 4: Agreement for numeric interpretation by rank order correlation

Expert A B C D Fuzzy
A — 0.899 0.888 0.577 0.950
B 0.899 — 0908 0.701 0.931
C 0.888  0.908 — 0.537 0.925
D 0.577 0.701 0.537 — 0.606
Average | 0.788 0.836 0.777 0.605 0.853
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Figure 6: Graph of four experts’ rankings against the integrated fuzzy expert sys-
tem

S Scoring

A simple approach to many problems of classification is to use some sort of ‘scor-
ing’ approach. Perhaps the most well known is credit scoring where a persons
credit worthiness (for a loan for example) is arrived at by attaching numeric scores
to a number of different aspects of the individual (e.g. employment status) and
adding the scores up (perhaps with some weighting).

We have used type-2 fuzzy relations to capture nursing perceptions in nursing
assessment as an alternative to a numerical scoring approach. The detail of the
work is published in [16] and (from a nursing perspective)[21]

5.1 The medical context

The clinical reality of nursing requires nurses to make decisions arising from an
ongoing holistic assessment of the patient need for nursing care, based on an ex-
tensive range of knowledge. Nurses concurrently assess patient need for nursing
care in several domains of concern to nursing before deciding where the primary
focus of nursing attention should be directed. Holistic nursing assessment takes
a number of environmental domains of patient need into account, as well as the
need for clinical intervention. For the purposes here we simplify the framework
for assessment to five domains.

1. Nursing is often carried out in conjunction with medical diagnosis and treat-
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ment. A primary focus of nursing concern is the physical/medical condition
or diagnosis of the person. Therefore the initial domain of assessment is
named ‘Physical/Medical Condition’.

2. A domain named ‘Complicating Factors’, which may affect the initial con-
dition, is then also considered and taken into account.

3. The physical capability or ‘Dependency’ domain of the individual is always
assessed.

4. The patient’s ability to understand and co-operate with suggested interven-
tions and the support available to the person from their family and environ-
ment will also affect the amount and type of nursing intervention that will be
provided. This domain has been summarised as the ‘Psycho-Social’ domain.

5. The requirement for the more obvious array of nursing clinical interventions,
as titrated to patient need and condition, are combined in the ‘Clinical Inter-
vention’ domain.

It is suggested that these five domains provide the context of the patient need
for nursing care and intervention. These ‘top level’ domains are clearly imprecise
and subjective and are difficult, if not impossible to measure. Added to this impre-
cision, there is, within each domain, a degree, or priority, of need to be determined
before any required intervention is applied.

To demonstrate the translation of such a framework into Fuzzy Logic a hy-
pothetical patient requiring elective surgery is considered. The assessments are
made over a period of four to five days during the peri-operative and post-operative
recovery, and a summary of two separate daily assessments made. The patient
is a frail 48yr old, admitted for relief of symptoms of cancer by the insertion of
a celestin tube under anaesthetic to enable parenteral feeding. On return from
theatre, his post-operative Physical/Medical condition is assessed as ‘potentially
unstable’, requiring routine regular observations. Complicating Factors of nausea
and pain/comfort are also assessed as ‘potentially unstable’, also requiring regu-
lar observation. His requirements for Clinical Intervention are assessed as ‘com-
plex’, as antibiotics, intravenous analgesia and anti-emetics are administered as
necessary. His Dependency needs are assessed as ‘heavily dependent’, both due
to his generally frail physical condition, plus the necessity for added assistance
in the post-operative recovery phase. His need for emotional/educational support
in the Psycho-Social domain is assessed as ‘moderate’, somewhat eased by post-
operative sedation. This denotes a ‘more acutely unwell’ patient in the context
of surgery on a person with cancer and secondary spread, who requires frequent
nursing assessment, clinical intervention and physical support in the post-operative
period. A summary might be: “Frail, requiring frequent intervention for relief of
symptoms.”
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Both the domains and the degree of need within each domain are imprecise,
using nursing perceptions to define or explain the nursing assessment. The impre-
cision in the linguistic perceptions granulates the complexity of patient need into
recognisable fragments of knowledge. To simplify this to the summation of numer-
ical scores requires translation from linguistic terms to numbers. Our modelling of
this problem removes the need for translation.

5.2 Type-2 Relations and Nursing Assessment

A definition of a type-2 fuzzy relation is as follows:

Definition 3 A type-2 fuzzy relation is a type-2 fuzzy set defined on the Cartesian
product of the crisp sets X1,Xa, ..., X, where the tuples (x,x3,...x,) have varying
degrees of membership which are type-1 fuzzy sets.

In other words, the type-2 fuzzy relation indicates a degree of membership
which is itself a type-1 fuzzy set - not a number in [0,1]. In our work we use type-2
relations to modelling the nursing paradigm. The mathematical detail can be found
in John and Lake(2001a).

The approach is to model the five nursing domains using type-2 fuzzy sets. The
expert nurse provided the diagrams like that in Figure 7 to show how the words
could be represented on a linear domain.

Psycho-social Needs

y ® extremely high .l____+

<

high (not coping)

< L,
moderate (coping)

°*--->

< 4
medium (coping OK)

'
>

+-----@
coping well

Y

Figure 7: The Psycho-Social Domain

These diagrams were translated into type-2 fuzzy sets. For example we have
‘Dependency’ which would have possible membership grades (type-1 fuzzy sets)
‘independent’, ‘becoming independent’, ‘dependent’, ‘heavily dependent’ and ‘to-
tally dependent’. These membership grades have to be determined somehow. In
this instance nurses who were expert in nursing assessment provided ranges for
coverage of the words. Gaussian membership functions were used to represent the
type-2 membership grades. Figures 8 and 9 show the representation of the type-2
fuzzy sets Physical/Medical and Complicating Factors.
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potentially
unstable

potentially
unstable

Figure 9: The Type-2 Fuzzy Set Complicating Factors

These Type-2 fuzzy sets for the five domains can then be combined using type-
2 relations to produce a type-2 set that we label ‘Overall Condition’. The nursing
understanding of the range of patient acuity for overall condition from ‘stable’
to ‘critical’, is also imprecise. However, nursing assessment pays attention to all
aspects or domains of the patient’s well being to create the summary. Let us con-
sider a patient with membership in the type-2 sets as potentially unstable in the
Physical/Medical domain, becoming unstable in Complicating Factors, complex
in Clinical Intervention, heavily dependent in dependency and moderate needs in
Psycho-Social. The overall condition is described as unstable. For this particu-
lar patient we carry out the ‘meet’!. Figure 10 provides the resulting membership
grade of this particular patient in the type-2 fuzzy set ‘Overall Condition’.

Suppose we now have a patient who has different membership in each type-
2 fuzzy set - critical in Physical/Medical, unstable (Complicating Factors), criti-
cal(Clinical Interventions), totally dependent (Dependency) and moderate (Psycho-
social needs). In this case we get the result in Figure 11.

The overall condition is described as critically ill

The shape of the membership grades for each patient is quite different. The
ordering is intuitively correct although one would perhaps expect the critically ill
membership grade to be further along the axis.

I'The software used is that provide by Professor Mendel at http://sipi.usc.edu/mendel/.
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Figure 10: The Membership of the First Patient in Overall Condition

Figure 11: The Membership of the Second Patient in Overall Condition

5.3 Conclusion

It appears that type-2 relations have much to offer in nursing assessment. This work
is not as mature as that discussed in the previous sections but nevertheless offers
an insight into the role that type-2 fuzzy sets and relations can play in medical
diagnosis. In particular we would argue that this approach offers a more intuitive
approach than scoring systems especially in an inherently imprecise domain such
as nursing

6 Summary

The use of fuzzy approaches has been successful in our work so far, which has
addressed particularly difficult problems in the medical field involving classifica-
tion and perception by experts of uncertain measured parameters, and visual and
linguistic information. We see future directions developing fundamental methods
such as supervised learning of type-2 (linguistic) fuzzy sets and exploring their
applicability in the very rich and important area of medical diagnosis and analysis.
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