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Abstract—Knowledge acquisition is an important aspect of intelligent systems. The usefulness of such
systems depends on system completeness and consistency. Case-based reasoning is a useful means of
matching a natural human mode of dealing with complex problems through systematic recording of
experience. However, this approach requires that representative case sets be considered in the knowledge
acquisition phase, and once these case sets have been acquired, an efficient means of retrieving them is
needed. M-CLASS is an ordinal classification model that gives structure to a knowledge acquisition
environment where cases could be the source of knowledge. The M-CLASS system assures consistency
and provides a means of checking for completeness. The system is demonstrated with a medical

example.

1. INTRODUCTION

KNOWLEDGE ACQUISITION is one of the most important
problems in construction of knowledge-based systems.
Tools and techniques have been developed to facilitate
knowledge acquisition and aid the knowledge engineer
in this process (Boose 1989, 1991; Gaines 1987;
McGraw & Harbison-Briggs, 1989; Gaines and Boose,
1989; Reichgelt & Shadbolt, 1991; Scott, Clayton, &
Gibson, 1991). However, knowledge acquisition can
often become a bottleneck in the development of a
knowledge base.

The acquisition of knowledge and its representation in
a knowledge base generally is accomplished by means of
production rules. Another way to approach the problem
is through introduction of separate examples of specific
objects. Rules generalize expert knowledge in a struc-
tured way (Hayes-Roth, Waterman, & Lenat, 1983). The
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“IF... THEN...” production rules reflect expert logic
in problem solving to some extent, making this approach
highly popular in early knowledge-based systems. The
disadvantage of production rules is that experts usually
are unable to consider every possible situation that could
arise. Experience shows that when people formulate rule
bases for complicated situations, these rule bases tend to
have gaps (Mechitov, Mashkovich, & Olson, 1994a,
1994b) and biases (Silverman, 1990), and when such
gaps in the knowledge base occur, it is difficult to check
such rule bases for consistency (Polat & Guvenir,
1991).

Another way to approach the problem is through
introduction of separate examples of specific cases. The
advantage of this approach is that the analysis and
diagnosis of specific situations (examples) is more
natural for experts, and does not require as much effort
on their part. The experience of the expert consists of a
lot of practical cases, situations, and other elements of
his or her practical experience. These experiences can be
used to formulate decision rules (Kolodner, 1991; Slade,
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1991). It is much easier to remember, evaluate, and
verbalize separate cases than to develop more abstract
and generalized rules. Moreover, part of the expert’s
knowledge is maintained at the unconscious level
(Larichev & Moshkovich, 1988; McGraw & Harbison-
Briggs, 1989). In such cases experts know more than
they are able to express. In many situations qualified
experts can cope with complicated decision problems
very well, but when asked to explain why they do
or what they do, they face difficulties (Tversky &
Kahneman, 1974; Kahneman, Slovic & Tversky, 1982).

Humans often reason by analogy, comparing new
cases and situations with previous cases based on
degrees of similarity (Helman, 1988). There has been
widespread interest in case-based reasoning (CBR)
systems where cases are used as a primary element of the
knowledge base, and analogies between old cases and
new cases are used as a tool for making decisions
(Kolodner, Simpson, & Sycara-Cyransky, 1985; Ham-
mond, 1986; Gentner, 1987; Ashley, 1991; Barletta,
1991; Rissland & Skalak, 1991). Humm, Schulz, Radtke,
and Tversky (1991) applied CBR to a machining
planning environment. Those authors noted that analyses
of process planning show that specific planning tasks
often repeat, either directly, or in some similar manner.
They noted that human process planners usually rely on
large collections of knowledge based on years of
experience. These human planners often used reminders
of old solutions for dealing with current tasks, and rarely
found it necessary to generate entirely new plans.
This approach is the basis of CBR. Mukhopadhyay,
Vicinanza, & Pretula (1992) applied CBR to the
difficult problem of estimating effort required to develop
software for various applications. They concluded that
the case-based approach is often used successfully
in environments where no strong theoretical model for
decision making exists, or where domain rules are
incomplete, ill-defined, and inconsistent (Ashley &
Rissland, 1987).

Two methodological problems have been highlighted
in development of CBR systems (Kolodner, 1991). The
first problem concerns development of a knowledge base
consisting of a representative set of cases. The second
problem concerns indexing cases, seeking a quick way to
search among past relevant decisions.

If a large set of cases exists, representing the entire
spectrum of anticipated situations, it would be reason-
able to use case descriptions from some data base.
Usually, however, it will be necessary to use experts as
sources of case descriptions. The process of interviewing
expert’s for knowledge base construction can be done by
having the expert form a set of cases relevant to the task
under consideration, or by interviewing the expert using
some knowledge elicitation system. There are clear
limitations to the first approach having the expert select
the cases. Usually experts can only remember part of the
examples they have experienced, most reliably remem-
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bering the most recent cases. Thus, there is a bias in the
expert’s judgment (Tversky & Kahneman, 1974, 1981;
Kahneman, Slovic, & Tversky, 1982). It is difficult for
experts to describe many of the cases they have
experienced without help. Therefore, there is a need for
a knowledge elicitation technique that would help
organize the expert’s interview in a systematic way, and
also checking the consistency of the expert’s judgments
(Boose, 1989; Larichev, Moshkovich, & Rebrik, 1988;
Larichev, 1992; Mechitov et al., 1994b).

In this paper we will discuss implementation of
an ordinal classification technique (Ben-David, 1992;
Larichev et al., 1989, 1991) for diagnostic case-based
systems development. The technique is based on the
interpretation of a diagnostic problem as a classification
task, formulated in terms of a finite number of attributes
describing objects, and classifying these objects into a
finite number of diagnostic classes. The ordinal classi-
fication model used in this technique provides oppor-
tunities for systematic knowledge base construction,
verification of expert knowledge, and effective indexing
procedures for quick case search and reasoning.

2. SYSTEMATIC APPROACH TO CASE-BASED
KNOWLEDGE ELICITATION

2.1. Diagnostic Task Description

Diagnostic tasks can be considered as classification
tasks, where there are multiattribute descriptions of
objects (cases) and a predetermined set of finite classes
(or properties) that the objects need to be assigned to
(Clancey, 1985). Such decision problems arise in a
variety of tasks, for example, in medical diagnostics,
machine repair diagnosis, loan applicant classification,
personnel applicant review, and many other decision
domains (Larichev & Moshkovich, 1990; Ben-David,
1992). Therefore, the diagnostic task can be described by
a list of diagnostic properties (classes) and a discrete
number of diagnostic signs or attributes used by the
expert in a diagnostic process. The Cartesian product of
attribute scales can be used to define all hypothetically
possible multiattribute descriptions of an object.
Consider an example from medical diagnostics.
Assume that the diagnostic system is designed to deal
with several coma states, representing seven different
decision classes (see Appendix 1). It is clear that an
expert physician uses a set of symptoms (each with a
finite number of values) to characterize a patient’s
condition. Assume that in order to make preliminary
conclusions the expert-physician uses ten primary attrib-
utes (listed in the Appendix). For each attribute a scale of
possible values is determined. The combination of all
possible attribute values defines all possible patient states
within this description. The diagnostic task is to classify
each patient’s state, defining appropriate disease or
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diseases. In general, the patient may possess two or even
more diseases at the same time. Therefore, in the process
of classification it is necessary to decide for each
possible object whether it must or must not belong to
each class under consideration. As a result, objects are
divided into two groups (membership or nonmember-
ship) with respect to each class under consideration. As a
result, objects are divided into two groups for each class:
objects belonging to this class, and objects that do not
belong to this class. We call these groups subclasses of
the corresponding class.

It is also assumed that in the diagnostic process the
expert can use a finite number of ordinal outcomes
reflecting different levels of expert confidence that the
particular object belongs to the assigned class. For
example, in medical diagnostics classifying coma states,
the physician may use three classes: high probability of
a certain coma, moderate probability of a certain coma,
and unlikely that this case is the certain coma. In the
vehicle repair field, a mechanic could diagnose a
transmission problem as being in one of the following
states: transmission is in good condition, transmission
should be operable but needs to be watched for
deterioration, transmission is inoperable but can be made
operable by changing fluid, or transmission is beyond
salvage and needs replacement.

The diagnostic task we consider can be presented in
the following formal way (Larichev et al., 1991).
GIVEN:

1. P={P, P, ..., P_} asetof classes that objects could
possibly be assigned to;
2. P,={P!, P}, ..., P} asetof subclasses for class P;;

3. M, the number of attributes used to characterize
objects;

4. Q.= {Gumi> Imas - - > Gmn)} A set of possible values on
the mth attribute, where n is the number of possible
values for attribute m, n = n(m).

5. A=Q\ X0, X -+ XQy a set of all hypothetically
possible objects;

6. a,eA is a vector a,=a,, a,,

a, € QO
The task requirement is to identify the expert’s

definition of each object’s performance level for all
possible classes P. This means that it is necessary to
identify the degree of membership of vectors a, to the
appropriate class P,. For the medical task of diagnosing
coma given in Appendix 1, there are seven possible
outcome classes P;, M = 10, n, and n; equal 3 whereas the
other n, equal 2. A consists of 2*X3?=2304 possible sets
of symptoms a;. The task is to classify possible patient
states g, into subclasses {P), P, ..., P} representing
diagnoses (e.g. high probability of diabetic coma,
unlikely that this is ichemic coma, etc.).

To further facilitate our description, we enumerate
subclasses in decreasing order of membership (the lower
the subclass number, the more of this characteristic the
object has). In the coma diagnostic problem. for a set of

.., a,) where
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symptoms a; we can rank order the possible diagnostic
outcomes. Formally, this is equivalent to the definition of
a binary relation:

si=((PLP) € PXPli<j i=1t0 ks j=110k)
where (/=1 to L). n

The number of subclasses is usually not large (from two
to five), because psychological research indicates that
people do not usually consider more than this number of
levels within a property (Miller, 1956; Larichev &
Moshkovich, 1988). If there are only two subclasses, the
expert wants to divide objects into those that have some
property, and those that do not have that property. If
more than two subclasses are used, the expert intends
construction of a more fuzzy classification, introducing
intermediate levels.

2.2. Problem Structuring

To capture the expert’s decision-making process for the
task at hand using the minimum number of questions, it
is necessary to provide some structure for the task. The
structure used in this paper is based on identifying the
typical performance levels for an attribute considered by
the expert (Larichev et al., 1991).

The attributes, which describe the possible states, can
serve as a diagnostic tool when different attribute values
have different typicalities for each class. It is common to
categorize attribute performance into a finite number of
ordered categories. For instance, in a medical diagnostic
task involving coma, possible values on the attribute
*“skin state” are typically used. Dry skin is most likely to
be due to diabetic coma, and moist skin is more typical
for ichemic coma, and so on. In general, the rank
ordering of the measure levels for different diseases
(classes) would be different. In Appendix 1 the rank
orderings for two types of coma—diabetic coma and
hypoglycemic—are displayed. Number **1” corresponds
to the most typical attribute value, ‘2" to the less typical
value, and “3” to the least typical value. The first
column corresponds to the typicality of each symptom
for diabetic coma, and the second column to that of
hypoglycemic coma.

Rank ordering of attribute values for each class
defines a special binary relation over the set of attribute
values. It is assumed that an expert, when comparing
values ¢; and g, on attribute Q; for class P, is able to
select one of the following:

1. value g, is more typical of class P, than is g;;
2. value g, is more typical of class P, than is g;
3. values g, and g, are equally typical of class P;;
4. values g, and g, are incomparable for class P,.

For example, for diabetic coma, diminished pressure
(less than 100) is more typical than normal pressure, and
normal pressure is more typical than is high pressure. For
other classes of coma (hypoglycemic, etc.) there can be
a different ranking of these values.
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Patient States

#4# (PS1) PS2 PS3

Gradual coma development = Gradual coma deveiopment = Gradual coma development
Skin 1s dry —-> Moust skin Comm Skan is dry
Pathological respiration = Pathological respiration —> Normal/superficial respiration
Rapid pulse —> Normal pulse <— Rapid pulse

Diminished pressure —> Normal pressure = Normal pressure
Diminished deep reflexes = Diminished deep reflexes = Diminished deep reflexes
Diminished eyeball tension = Diminished eyeball tension = Diminished eyeball tension
No convulsions = No convulsions = No convulsions

No muscle ngidity = No muscle ngidity —> Muscle nigidity present
Normal temperature -—> Higher temperature <emm Normal temperature

FIGURE 1.

Therefore, we define a reflexive and transitive binary
relation r, on the set of attribute values Q, for each
attribute / and class / (i=1 to M; /=1 to L). The
statement g,r,q; means that value g, is not less typical
for class P, than is g;,. Reflexiveness means that it is
possible to compare equal attribute values. Transitivity
means that g,;r,q; and g,7,g;» 1Mply ¢,7,g,, (if g is more
typical for class P, than is g, and g, is more typical for
class Py than is g,,, then g, 1s more typical for class P,
than is g,,,).

Binary relations r,(i=1 to M; /=1 to L) define the
binary relation R, for each class P, on set A:

R ={(a.a) e AXAla,ra,forallme M; aga, e Q.

Here a,, is a vector over all attributes for a specific
case. This relation allows comparison of multiattribute
descriptions of objects. If each element of the object
description is more (less) typical for a corresponding
class than the corresponding elements of the second
object, then the first object is certainly more (less) typical
for this class than is the second object. Thus, for each
class there is a quasiorder on the set of possible objects—
comparing any two objects we can conclude that one of
them is more typical than another; in this case we say
that the first object dominates the second object, and the
second object is dominated by the first object, or the
objects are incomparable (if some elements of the first
object are more typical than corresponding elements of
the second object, and some elements of the second
object are more typical than corresponding elements of
the first object). For example (Figure 1), patient state PS]
is more typical for diabetic coma than PS2 because the
symptom “*Skin is dry ™ is more typical for diabetic coma
than 1s *"Moist skin.”” “"Rapid pulse ™ 1s more typical than

is ““Normal pulse,” “Diminished pressure” is more
typical than “Normal pressure,” and “Normal tem-
perature’’ is more typical than ‘“Higher temperature,” all
following the situation given in Appendix 1. But patient
states PS2 and PS3 are incomparable with respect to
diabetic coma, because ““Moist skin” is less typical than
“Dry skin,”” but ‘‘Pathological respiration” is more
typical than “Normal respiration.”

In other words, binary relations r; make some vectors
from A comparable in each class. One vector is more
typical for this class than another class if the vector has
values that are not less typical on all components but
one, and a value more typical on this component. Thus,
the introduced structure allows comparison of some pair
of vectors (objects) in each class. Vectors may be
incomparable in this class if one vector has more typical
values upon one subset of attributes and the other vector
has more typical values upon another subset of attrib-
utes.

Let us emphasize that there are different quasiorders
for each class corresponding to different rankings of
attribute values for each class. That is why the same pair
of objects can be comparable for one class (one is more
typical than the other) and incomparable for another
class. For example, object PS1 in Figure 1 is more
typical for class ‘““diabetic coma” than is object PS2. At
the same time they are incomparable with respect to
hypoglycemic coma, as for hypoglycemic coma *‘Dry
skin™ is less typical than ‘“Moist skin” but “Normal
temperature” is more typical than “Higher tempera-
ture.”’

The structuring step results in two types of binary
relations: R, is the relation of dominance on set A for
class P,, and s, is the linear order relation on the set of
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subclasses for class P,. Both of these relations reflect the

typicality of different objects from set A for class P,. That

is why it is possible to discuss the mutual consistency of
relations. Formally this is expressed in the following
definition.

DerIntTION. Relations R, and s, are mutually consistent
if (1) the expert says that g; belongs to P, at degree m
(Pr") and there exists some a; such that aRa, (g; is at
least as typical of class R; as 1s a;), then g; should
belong to class Py, where the index of & is less than or
equal to m.
if (2) the expert says that g; belongs to P" and there
exists @; such that aR, (q, is at least as typical of
class R, as is a)), then g; should belong to P *, where
the index k is at least as large as m.

This definition infers that if object a; is more typical
than object g; for class P, then object g; is more likely
than object g; to belong to a class of P,. In other words,
the reflection of set A to set P is monotonic, as is shown
in Figure 2.

Let us call classification of objects a;, a; € A for class
P, to be mutually inconsistent if their classification
violates the mutual consistency of R, and s,. Therefore, in
further analysis, we assume that conditions (1) and (2)
should be satisfied in the process of knowledge base
construction, and that violations of these conditions have
to be due to inconsistency in expert judgments. Thus, in
the task under consideration it is necessary for each class
to construct ordinal classification. Such task formulation
describes many diagnostic/decision-making problems,
such as editorial decisions, housing selection, social
worker judgments, medical diagnostics, and many others
(Ben-David, 1992; Larichev et al., 1991).

The unique feature of this approach is that it provides
a means to construct an effective algorithm for solution
of some problems connected with CBR. In particular, 1)
definition of a set of *“effective” objects, whose
classification is representative of the entire set of objects;
2) verification of expert judgment consistency; and 3)
indexing (effective storage and location of cases).

2.3. Effective Procedures for Case Elicitation

First, let us note that classification of one object
indirectly determines, to some extent, classification of

Objects

‘ ‘
Subclass 1 Subclass 2
reflection

Lo b N

Objects

Monotonic
reflection

FIGURE 2. Monotonic-nonmonotonic.
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other objects from A as it limits feasible subclasses for
other objects, connected with the classified object
through the dominance relationship. For example, con-
sider the medical diagnostic task given in the appendix.
Assume the patient state described by the vector PS2,
presented in Figure i, has been classified by the expert-
physician as a ‘“‘high probability of a diabetic coma.” We
can then conclude that PS1 will also belong to the
subclass “‘high probability of a diabetic coma,” as this
has more typical parameters for diabetic coma than PS2.

The same conclusion can be drawn for other cases
that are connected by dominance relationships. Thus,
classification of every object from A limits feasible
subclasses for other objects. And if the set of feasible
subclasses for some object from the set A contains only
one subclass this object may be considered fully
classified.

In the process of expert interview (while constructing
the knowledge base) the expert can evaluate different
objects, introduced by the expert or by the system, and
their classification will lead to indirect classification of
some other objects. The amount of information obtained
as a result depends on both the object *‘position” in the
corresponding quasiorders (corresponding to each class)
and its concrete classification. For example, if the object
is assigned to the first subclass of some class, and there
are many objects that dominate it in this class, then all of
them can be indirectly assigned to the same subclass, but
if the number of such objects is small, then the amount of
indirect information would be small too.

We therefore face a task of choosing the most
informative objects, whose expert evaluation permits us
to construct a representative knowledge base with a
limited number of expert interviews. An algorithm based
on a maximum criterion is proposed in Larichev et al.
(1991). Initially, nonclassified objects are considered.
The algorithm defines the number of indirectly classified
objects potentially classified by an expert classification.
Then the minimum of information needed is calculated.
Thus, for each object not yet classified the minimum
amount of direct and indirect information required is
calculated. The last step of the algorithm chooses the
object with the maximum guaranteed amount of this
expected information.

Simulation of this algorithm proved that using the
informative objects determined by the technique
described above, a significant portion of objects in set A
is classified by a relatively small number of expert
classifications. For example, on average, classification of
70% of all objects requires evaluation of about 15% of
these objects. Evaluation of all possible objects (i.e.,
construction of complete classification) requires classi-
fication of 25-30% of all objects (Larichev et al., 1991).
As a result, even for large-scale diagnostic tasks, the
approach gives a means to construct representative
knowledge bases, providing classification of a consider-
able portion of possible objects.
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2.4. Consistency Checking

Knowledge base verification is one of the most important
problems in building knowledge bases. It is clear that the
quality of KBSs is mainly determined by the consistency
of the KB. At the same time, there could be many reasons
why expert judgments might be inconsistent, including
problem complexity, fatigue, and casual expert error.
Both field and lab studies indicate the possibility of
having a large number of inconsistencies in expert
judgments (Larichev & Moshkovich, 1988; Mechitov et
al., 1994a, 1994b; Polat & Guvenir, 1991).

The task structuring method presented here provides a
means to check the consistency of expert responses. The
complete (all object subclasses defined) or partial (only
some subclasses defined) object classification can be
achieved by both direct expert classification of objects
and indirect classification based on classification of other
objects. If these two sources contradict each other,
evidence has been uncovered of inconsistency in expert
judgments.

Let us describe an example of such inconsistency.
When evaluating object a,, the expert assigned it to the
vector (P/P3P3), thus stating that there is a high
probability of diabetic coma, moderate probability of
hypoglycemic coma, and unlikely choropenic coma. Let
object a, be more typical for the first class than a,. In this
case we can conclude that object a, should also belong to
subclass P|. But in general, classification of object a,
cannot be completely defined as a result of previous
classifications. The possible subclasses for hypoglycemic
coma and choropenic coma cannot be determined. Let
object a, be presented to the expert, who assigns it to
subclasses (PiP)P3). Here the indirect classification into
subclass P] does not coincide with the direct classifica-
tion P2, which must be due to inconsistency in expert
judgment for either a, or a,.

The next algorithm can be used to eliminate incon-
sistencies in expert judgments. Each object classification
made by the expert is checked for consistency with
previous object classifications. If a contradiction is
identified, the contradictory knowledge fragments (the
current object classification and the previous object
classification) are presented to the expert for analysis
with corresponding commentary. The expert can correct
the last object classification and check its consistency
with previous answers, or decide that one or more of the
fragments of the current KB are wrong (i.e., prior
classifications were erroneous). In the latter case the
erroneous cases would be eliminated from the knowl-
edge base. In general, these cases should be classified by
the expert once again. This classification can be direct or
indirect.

2.5. Indexing Search

The ordinal attribute scales give an opportunity to
effectively store and search for objects “‘similar” to an
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Upper border

Lower border

FIGURE 3. Binary relations between borders’ elements.

object currently being analyzed. For this task the
principle of Pareto sets from decision theory (Geoffrion,
1968) is used. The suggested approach is based on the
implementation of upper and lower borders of sub-
classes. In this case it is not necessary to maintain data on
all objects classified by an expert, but only on a key
subset of these judgments.

Consider a set of all objects assigned to a certain
subclass of some class. The upper border of this subclass
contains all nondominated objects from this subclass
according to the binary relation R, meaning that for these
objects there are no objects from this subclass that
dominate them. At the same time let us define the second
subset of objects for which there is no object in the set
dominated by members of the second subset. Let us call
this second subset the lower border of this subclass
(Figure 3).

In other words, the upper border of the subclass
contains all nondominated (i.e., most typical) objects
from this subclass according to the binary relation R.
Analogously, the lower border of the subclass contains
all objects from this subclass that do not dominate any
other object from this subclass according to the binary
relationship R (or the least typical objects of this
subclass).

It is evident that keeping only these two subsets
enables identification of all objects belonging to the
subclass. To check the presence of an object, one has to
check whether there is an object in an upper border that
dominates the object, and whether there is an object in
the lower border that is dominated by the object. If both
conditions are satisfied, it can be concluded that the
current object must belong to this subclass. Actually, as
the current object is dominated by the object from the
upper border, then it should belong to the same subclass
or to a subclass with a higher number because otherwise
its classification would be mutually inconsistent. Analo-
gously, as the current object dominates even one object
from the lower border, it should belong to the same
subclass or subclass with a lower number. Thus, the
current object can only belong to this subclass.

This means that it is sufficient to keep only the
borders for each subclass, and that it is not necessary to
record the classification of all objects classified, because
the upper and lower borders of subclasses for each class
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provide us all information on feasible subclasses for each

object. To define these feasible subclasses for some

object g; in a certain class it is possible to use the next
algorithm:

» Object a; is compared sequentially with objects of the
upper border of this class, beginning with the last
subclass, until object a;, belonging to subclass / and
more typical than object g; is identified. Then feasible
subclasses for object g; are {I, I+ 1,7+2, ..., k}=G1
(where & is the number of subclasses for the given
class).

» Object a; is compared sequentially with objects of the
lower border of this class, beginning with the first
subclass, until object a; belonging to subclass f and less
typical than object g; is found. Then feasible subclasses
for object @, are {1,2,3,...,t} =G2.

If classification of an object is mutually consistent,
then for each object intersection of sets G1 and G2 is not
an empty set.

To facilitate search and storing of objects, it is
possible to construct singular correspondence between
multiattribute objects’ descriptions (vectors) and num-
bers. Therefore, we can operate predominantly with
numbers, converting them into vector description and
vice verse when it is necessary.

3. SYSTEM IMPLEMENTATION

The knowledge acquisition system described has been
implemented in an interactive system called M-CLASS
(MultiCLASSification) consisting of three blocks:

« knowledge base,

« analog inference engine

» knowledge acquisition block.

The knowledge acquisition block directs the expert
interview, defining the next most informative object for
expert evaluation, checks consistency of different frag-
ments of expert knowledge, and processes case
classification, thus filling the systems knowledge base.
This knowledge base consists of three main components:
ranks of attribute values, classified objects, and an
explanation subblock.

The logical structure of the system is outlined in
Figure 4. The first step of the expert interview is to rank
order all possible values on a separate attribute according
to their typicality for each property (class). This means
that for each property (class) P, and attribute Q;, the
expert makes pairwise comparisons to determine which
of two possible values on attribute Q; is more typical for
class P,. Therefore, the rank ordering of all possible
values ¢y, j=12,...,n is constructed. These rank
orderings are reflected in the binary relation r,
(i=12,.. ., M;1=12,...0L).

The second step consists of direct introduction of
expert information into the knowledge base. The M-
CLASS system provides two primary means of working
with the expert: active and passive. In the active regime
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the expert defines the fragment of his/her knowledge as
a description of a case and its corresponding classifica-
tion. In the passive regime the role of the communication
initiator is transferred to the system. The system analyzes
the current knowledge base, identifies unclassified
objects, evaluates them from the point of view of
information content, and presents it to the expert for
classification (Figure 5).

In all regimes, the fragments of knowledge introduced
into the system are checked for consistency with
previous information. A newly classified object is
sequentially checked for consistency with previously
introduced cases. If the new case is totally consistent
with the current knowledge base, it is added to the
knowledge base. If a contradiction is detected, the
contradictory knowledge fragments are presented to the
expert for analysis (Figure 6). The expert can correct the
last fragment and return to checking its consistency, or
decide that one or more of the knowledge fragments in
the current knowledge base (i.e., previously classified
objects) are wrong. In the latter case, erroneous cases
will be eliminated from the knowledge base, restoring it
to a consistent state.

We note that in M-CLASS the process of analysis and
elimination of contradictions between different case
classifications is accomplished through a unified formal
scheme. Elimination of contradictions is accomplished in
the process of knowledge base construction in an on-line
mode. After the introduction of each new fragment of
expert information, this information is compared with
previously built knowledge base elements. If the expert

Task
formulation
Rank
ordering
Analysis of
knowledge
base state
P \
Choice of the Choice of the most
object for informative object for
diagnostics by diagnostics by
the expert the system
~a -
Expert object
classification

|

Analysis of the
consistency of the
received object
classification

Consistent Inconsistent
Knowledge base Modification in
"1 enlargement expert classification

FIGURE 4. Logical structure of knowledge acquisition
process.
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The following situation 1s under consideration

The patient 1s unconscious
1. Gradual coma development
. Moist skin

. Pathological respiration

WM

. Rapid pulse

. Normal blood pressure

. Diminished deep reflexes
Diminished eveball tension

. No convulsions

O 00~ N

. No muscle nigidity

10 Normal temperature

Your suspicion on diabetic coma 1 - high probability of a diabetic coma
2 - moderate probability of a diabetic coma

3 - unlikely that this 1s diabetic coma

Your answer >

FIGURE 5. Fragment of expert dialogue (case classification).

considers the new (last formulated) information erro-
neous, then the expert can modify it. If the new case is
considered correct, it is possible to find previous
erroneous cases whose classification contradict the last
entry, and correct the erroneous classifications in order to
achieve a mutually consistent set of knowledge in the
form of case classifications.

While classifying objects, the expert has an opportu-
nity to define what attribute values from the case
description give him/her an opportunity to make a
concrete diagnosis. For example, classifying case PS1 in
Figure 1 and diagnosing this situation as having a high
probability of diabetic coma, the expert can note that this
combination of symptoms indicates a high probability of
diabetic coma. Such information, actually representing
generalized rules, can be used for explanations as well as
for checking the consistency of classification of other
objects.

If the expert is not able to identify appropriate classes
for the case being considered, the expert can postpone
this particular classification and continue with another
case.

The system constructs cases using a formal procedure
in the form of vectors (combinations of attribute values)
in object space. Some of these vectors may not be
feasible. In such a case the expert can indicate this by
choosing an answer such as ‘‘the situation is contra-
dictory,” and then pointing out the infeasible
combination of attributes. Such infeasible combinations
represent a part of the knowledge base. and the system

will exclude all cases with such attribute combinations
from the initial set of possible cases.

Classification of the most informative objects at each
step of the expert interview makes the entire procedure
of knowledge acquisition effective. If the task dimension
is comparatively small, it is possible to construct a full
set of classified cases. In this case the constructed set of
objects classified by experts can be considered as a
complete knowledge base, providing answers for all
possible situations. The system checks knowledge base
completeness at each step of the expert interview, and
after constructing the complete knowledge base ends the
expert interview, informing the expert that this phase of
system development is complete, and proposes that the
expert verify the constructed knowledge base. In this
diagnostic mode, the expert or any other user can input a
case description and get the system’s diagnosis for that
case. The system can inform which cases from the
knowledge base were used to reach a particular decision.
If the expert does not agree with the system’s conclusion,
the expert can enter a more correct classification, thus
modifying the system’s knowledge base. This modifica-
tion would be carried out as described above, checking
for the introduction of other consistencies, and if so,
correction of the knowledge base.

4. MEDICAL TASK IMPLEMENTATION

The knowledge acquisition system was used to construct
case-based diagnostics of comatose states. The devel-
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oped diagnostic system was designed for rough
preliminary diagnostics of coma type. For detection of
seven types of coma in Appendix 1, ten attributes were
used, such as palpation, body temperature, etc. For each
attribute two or three of the most important values (from
the perspective of differential diagnosis) were defined.
All attribute values were formulated in a verbal form,
two qualitative gradations being used for the quantitative
attribute *‘body temperature.”

In the first stage the expert ranked attribute values in
terms of their typicality for corresponding comas. As the
number of values for all attributes was small, the expert
constructed strict linear orders for all attribute scales.

In the second stage the expert diagnosed different
states, described in terms of the ten attribute values in
Figure 5. The interaction between the system and the
expert was held in a limited natural language: the
presented situations were particular cases, and the
expected answers were formulated as traditional diag-
nostic conclusions. For all comatose cases the expert
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used three degrees of suspicion—high probability, mod-
erate probability, and unlikely. Therefore, diagnosis was
conducted as follows: “In this state there is a high
probability of chloropenic coma, weak probability of
eclamptic coma, and unlikely prospects of other types of
coma.”

The expert interview lasted 4 days. During that time
about 300 states were considered directly by the expert
physician, yielding construction of a complete knowl-
edge base. The expert decided 24 states unlikely to be
feasible. According to the attributes of these infeasible
states, about 600 possible states of the 2304 possible
were discarded.

Contradictory situations where expert diagnosis of
current cases contradicted previous entries occurred 28
times. All of these contradictions were analyzed by an
expert and reevaluated. As a rule, such errors were
caused by the physician marking only one type of coma
with a high probability while overlooking other possible
types of coma that actually had a moderate probability.

Last situation

Gradual coma development =
Skin 1s drv —>
Pathological respiration =
Rapid pulse —>
Diminished pressure —>
Dimuushed deep reflexes =
Diminished eveball tension =
No convulsions =
No muscle ngidity =

Normal temperature —>

Previous situation
Gradual coma development
Moist skin

Pathological respiration
Normal pulse

Normal pressure
Diminished deep reflexes
Dimtnished eyeball tension
No convulsions

No muscle ngidity

Higher temperature

moderate probability of a diabetic coma

high probabulity of a diabetic coma

According to your answers, in LAST situation You suspect MODERATE probability of a diabetic coma, and in this

previous situation You suspect HIGH probability of a diabetic coma,

THOUGH LAST situation 1s MORE TYPICAL for diabetic coma, than the PREVIOUS one.

You can

1. Change your last answer (reevaluate last situation)

2. Change your previous answerrs, contradicting to last one.

3. To postpone the last situation evaluation.

Your choice >

FIGURE 6. Fragment of expert dialogue (analysis of contradiction).
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The expert found the consistency analysis provided
by the system to be very useful, helping him to be more
attractive during the expert interview process. The 4-day
expert interview session ended with construction of a
complete knowledge base providing diagnosis for all
possible patient states described in terms of the ten
attributes.

Small medical diagnostic tasks as addressed in this
example can be used as part of more complicated
diagnostic systems, or as rough tools for preliminary
analysis. In case of large tasks the system provides a
quick and effective tool to construct a representative set
of cases that guarantees classification (decision) of many
possible objects (situations). On the other hand, different
types of decomposition can be used to represent the
initial problem as a set of such classification tasks of
smaller dimensionality. The most general approach
consists in implementation of hierarchical attribute
structures. In this case the initial set of attributes is
divided into several subsets with corresponding names
and preliminary classifications are constructed for each
subset. Then the names of the subsets with corresponding
scales are considered as more general attributes, and the
expert formulates decision rules (case classifications)
that can be applied to them.

The M-CLASS system is a modification of the
software system CLASS (Larichev & Moshkovich,
1990). CLASS was developed for selection problems
under conditions of multiple criteria. M-CLASS soft-
ware runs on a conventional PC framework.

5. CONCLUSIONS

Case-based approaches provide a natural means for
experts to express their analysis and diagnosis of specific
situations. The use of this approach has resulted in the
development of many recent systems to aid in many
decision supporting tasks. The case-based approach has
especially been useful when there is not an underlying
theoretical model for decision making, or where domain
rules are incomplete, ill-defined, or inconsistent.
However, the case-based approach to knowledge
acquisition suffers from two methodological problems.
The knowledge base obtained through CBR may not be
representative of all possible cases. And once the
knowledge base of cases is built, there is a need for an
efficient means to search among past relevant decisions.
This paper presents system M-CLASS, developed in
the Institute for Systems Analysis of the Russian
Academy of Science, that gives a means of addressing
these two problems in case-based knowledge systems.
M-CLASS treats the decision problem as a selection
problem. This requires restating the problem in the form
of a multicriteria selection problem with finite states for
each criterion. This structure enables complete coverage
of all possible combinations of states, thus enabling
assurance of total representation of the decision problem.

A. I. Mechitov et al.

The method carefully assures consistency of expert input
during the knowledge acquisition phase. The problem
structure also provides an efficient means of storing and
retrieving cases within the system.

Future work is planned to test the system on subjects
in both Russia and the U.S. The system is being applied
to real problems in Russia. If readers wish to apply the
system, please contact Dr. Mechitov or Dr. Moshkovich.
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APPENDIX 1

MEDICAL TASK - diagnosis of coma states
Possible classes (comas)

P, - diabetic coma

P, - hypoglycemic coma

P; - choropenic coma

P, - oxycarbonic coma

P, - apoplectical coma

P, - eclamptic coma

P, - ichemic insult

Possible subclasses for each class
P,' - high probability of diabetic coma
P,? - moderate probability of diabetic coma
P; - unlikely that this is diabetic coma

A. 1. Mechitov et al.

Possible attributes with scales m = 10 Rank-ordering of attribute values

diabetic coma

Q, - way in which coma began
qy; - gradual coma development
qy; - sudden coma

Q, - skin state
Qy - skin is dry
@y, - skin is moist
Q; - respiration

Qy, - pathological respiration
Qy; - normal or superficial respiration
Q, - pulse
qq, - rapid pulse (greater than 80)
q,; - normal pulse
Qg - pulse rarus (less than 60)
Qs - blood pressure
{s; - diminished pressure (less than 100)
qs, - normal pressure
Qg - high pressure (greater than 145)
Q, - deep reflexes
Q¢ - diminished deep reflexes
qg - high deep reflexes
Q;, - eyeball tension
Qyn, - diminished eyeball tension
Qn - normal eyeball tension
Q; - convulsions
Qg - no convulsions
Qg - convulsions
Q, - occipital muscle rigidity
Qy, - no muscle rigidity
Qy, - muscle rigidity present
Q,, - temperature
Qo1 - lowered or normal temperature
Q¢ - higher temperature

1

[\ I (LS

N =

— N - —

N -

1
2

hypoglycemic coma

W N Pt

W N -

1
2

A = 2° x 3% = 2304 possible combinations of values



