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Abstract 
Cases are an increasingly important aspect of experiential reasoning and form a large part of 
current research into the semantics of databases. Little work has been done in classifying 
types of cases and experience, and showing how cases change depending upon the context of 
their use. This paper sketches an initial classification of cases in legal domains, which we 
believe is of general use in database research methodology. The paper then examines two 
systems which demonstrate how cases can be used in semantically distinct ways. 
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1 INTRODUCTION 

In building intelligent decision support systems, we often need to use prior experience. Such 
information is often encoded in the form of cases. Whilst much research has been performed 
on how to reason with cases, little attention has been given to the meaning of such cases. 
Questions concerning the differing uses and meaning of cases depending upon context form an 
important part of any theory of the semantics of database design. 

R. Meersman et al. (eds.), Database Applications Semantics
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[Kolodner 1993] defines a case as 'a contextualised piece of knowledge representing an 
experience that teaches a lesson fundamental to achieving the goals of the reasoner'. She 
further states that whereas one needs to use domain experts in building rule-based expert 
systems, cases can speak for themselves. We disagree strongly, as we shall indicate later in 
this paper. 

There has been much recent focus upon reasoning with cases, whether it be in the domain of 
case-based reasoning, as exemplified in [Ashley 199la, 199lb], [Bain 1986], [Bareiss 1988], 
[Bareiss et a! 1988], [Koton 1988a. 1988b, 1988c], and [Simoudis and Miller 1991]: in 
machine learning [Quinlan 1979, 1983, 1986], and neural networks, [Andersen and Rosenfeld 
1989], [McClelland et a!. 1988] and [Michalski eta!. 1983]. Each of these approaches focuses 
on the direct representation of prior experience as cases, rather than indirect representation of 
cases by interpreting them as rules or predicates. (See [Smith and Deedman 1987]). 

In this paper we shall consider the varying ways data (in the form of cases) is used in case
based reasoning, machine induction and neural networks. In case-based reasoning, and 
particularly in the legal domain, cases are often of a landmark nature. Their significance is 
similar to that of rules in rule-based expert systems. The users of such case-based reasoners 
compare and contrast their fact situation with these landmark cases in the case base. They cite 
the similarity of cases in the case-base to the fact situation as a reason for the current case to 
be decided likewise. Thus, reasoning with landmark cases automatically provides an 
explanation as to why a certain decision should be reached. 

When using statistically based techniques such as machine induction and neural networks, all 
cases carry the same weight. The system uses the cases and then discards them. Thus, there is 
no automatic explanation as to why the reasoning of the system should be accepted. 

In this paper we shall investigate the different ways in which cases are used in providing 
intelligent decision support. We shall focus upon the legal domain, since we have built two 
systems (IKBALS and Split-Up) which reason with cases, albeit in different ways. IKBALS 
performs case-based reasoning using landmark cases in the domain of Victorian (Australian) 
Credit Law whilst Split-Up uses neural networks to advise about property distribution upon 
divorce in Australia. A detailed analysis of reasoning paradigms can be found in [Zeleznikow 
et al 1995]. 

Within the specific domain of artificial intelligence and law great interest has been shown in the 
use of these 'case oriented' approaches. Induction in law has been used in [Karpf 1991] and 
[Hunter and Zeleznikow 1994], [Zeleznikow and Hunter 1995]; case-based reasoning appears 
in many legal systems, including Hypo [Ashley 1991a, 199lb], GREBE [Branting 1991], 
CABARET [Rissland and Skalak 1991] and PROLEXS [Walker eta!. 1991]; and legal neural 
networks have been applied or discussed in many papers, including [Bench-Capon 1993], 
[Birmingham 1992], [Bochereau eta!. 1991], [Hobson and Slee 1993, 1994], [Hunter 1994], 
[Philipps 1989, 1991], [Raghupathi 1991] and [Rose 1994], [Rose and Belew 1989, 1991]. 
One might then have expected to see a great deal written about the nature of cases, how to 
categorise them, and the effect that an inappropriate use of cases will have upon the reasoning 
process. This is not so. The fundamental thesis of this paper will be that there is a separation 
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between landmark and commonplace cases, and that this distinction is relevant to the choice of 
artificial intelligence paradigm applied to legal domains. The paper will suggest a relationship 
between statistical and symbolic reasoning, which can be applied to the different case oriented 
approaches. 

2 CONCEPTUALISING CASES 

A number of case oriented artificial intelligence paradigms rely on classification. Examples 
include neural networks, rule induction and statistically oriented case-based reasoners. In 
adopting such an approach, these paradigms assume that the experience being modelled has 
the same context. If the contexts of the cases differ then the expressions used, the factors 
relevant, and the outcomes of the cases will necessarily mean different things. This problem is 
most worrying when combining cases from different jurisdictions, different court hierarchies, 
or even different judges. The concepts, terms and predicates may stand for very different 
concepts, though they are actually the same expression. This is not to say that classification is 
impossible, just that it must be recognised that each case assumes a context and that all cases 
within a classification group must carry similar contexts. Naturally, since generalisation is but 
an abstraction of an earlier classification process, generalisation must equally be based upon 
congruency of case contexts. As for factor, pattern and context matching, we will see how 
this can cause problems with analogical systems. 

Thus, we can see that even in non-contentious areas, Kolodner's definition provides scope for 
considerable problems. Further, we disagree with Kolodner that a case necessarily ' ... teaches 
a lesson fundamental to ... the reasoner'. Certainly some cases do fit this description. Most 
notably within law, those decisions from appellate courts which form the basis of later 
decisions and provide guidance to lower courts do provide a fundamental lesson, or normative 
structure for subsequent reasoning. The common name for such cases are landmark cases. 

However, most decisions in any jurisdiction are not landmark cases. Most decisions are 
commonplace, and deal with relatively minor matters such as vehicle accidents, small civil 
actions, petty crime, divorce, and the like. These cases are rarely, if ever, reported upon by 
court reporting services, nor are they often made the subject of learned comment or analysis. 
More importantly, each case does not have the same consequences as the landmark cases. A 
commonplace case will fall within the socially accepted interpretation of this type of matter. 
For example, in contract law within the Anglo-Austral-American systems, rarely do cases 
discuss the formation of the contract in terms other than offer and acceptance. Equally, in 
torts, the categories of tort are relatively fixed and the determinations at lower court level 
apparently determinate. This is not to say that the law is static at this lower court level. One 
may, for example, analyse a number of commonplace cases to see new trends emerging (which 
may have little to do with doctrinal analysis) but each individual case contributes only a tiny 
part in any change of the law, if indeed it contributes at all. 

Landmark cases are therefore of a fundamentally different character to commonplace cases. 
Landmark cases will individually have a profound effect on the subsequent disposition of all 
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cases in that domain, whereas commonplace cases will only have a cumulative effect, and that 
effect will only be apparent over time. 

Take, for example, the case of Mabo v Queensland (No. 2)[(1992) 175 CLR]. Prior to Mabo 
the indigenous people of Australia, the aborigines, had few if any proprietary rights in 
Australian land. Under British colonial rule, their laws were held to be inchoate and Australia 
itself was held to be terra nullius, 'empty land' at the time of white settlement. Hence, the 
only property laws applicable were those stemming from the introduction of white rule, laws 
which, strangely, were less than generous in their grant of land to aborigines. In Mabo the 
High Court held that previous decisions holding that Australia was terra nullius at settlement, 
and decisions holding that aborigines had no property laws affecting land, were simply wrong 
at law. Hence, the High Court said, aborigines had sovereignty over parts of Australia under 
certain conditions. Thus, there are now new norms as to aboriginal communities' rights to 

native title. 

Whether one agrees with the High Court's interpretive technique, it is indisputable that this is 
the landmark case in the area, and will form the basis of future decisions in this area. Indeed, 
this case like many other leading cases, was the spur for political action and we soon saw the 
introduction of the Federal Native Title Act. Thus, landmark cases have the dual effect of 
determining (to some degree) the interpretation of subsequent fact situations as well as 
influencing the invocation of normative legislative processes. 

With this view of cases kept firmly in mind, it is now appropriate to see how case oriented 
paradigms have accommodated the distinctions between types of cases. 

3 USING CASES 

The first, and most obvious observation is the strange attraction that landmark cases have 
upon artificial intelligence researchers. Most implementations of case oriented paradigms in 
law have relied upon landmark cases. This is hardly surprising-not only are these types of 
cases commonly perceive of as 'the law' but more importantly they are the only ones which 
appear in case reports. It is an unfortunate, though understandable, fact within knowledge 
representation formalisms that the availability of knowledge sources may create artefacts in the 
domain representation. 

Interestingly, in the most obvious case oriented paradigm, case-based reasoning (CBR) the use 
of landmark cases generally poses no particular concern. Unless the CBR paradigm used is 
statistically oriented [Ashley 1992], landmark cases will provide the reasoning basis necessary 
to model the domain accurately. The work of [Ashley 1991a, 199Ib], [Rissland and Skalak 
1991] and [Branting 1991] has shown that landmark cases can be used in adversarial case
based reasoning systems. This forms a major and important distinction between legal CBR 
and other CBR domains, since most domains lack the equivalent of leading cases, in that few 
domains have a distinctively normative category of cases. 
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However, this does not answer the problem with landmark cases, where a complete change of 
law occurs. Typically, in CBR systems each case is assigned a weight. This weight may be 
assigned statically or dynamically, and is used for both retrieval and reasoning stages in CBR 
[Kolodner 1993]. In any system in which we were to assign cases certain weights, landmark 
cases would carry high weights. The problem is of course that landmark cases make previous 
cases obsolete. One cannot just add new cases to the case base without modifying the role of 
existing cases in the case base. The issue of maintenance of cases in legal adversarial case
based reasoners is a vital one. We have yet to see a CBR system which can retroactively alter 
an entire case base, relying on the effect of the landmark case on the entire case regime. 

However, CBR systems in law have been generally successful in using high-level cases to 
capture and reason with legal knowledge. Other case oriented approaches are not so amenable 
to these types of high-level cases. The two approaches we will discuss below are rule 
induction and neural networks. 

Rule induction, typified by the ID3 algorithm of [Quinlan 1979, 1983, 1986], uses information 
theory to classify cases into sets based on factor-attributes, and then is able to derive rules 
from this classification. In induction all cases carry the same weight. The addition of a single 
new case to an induction system should not drastically alter the knowledge of the system; it 
should simply be classified along with all others. However, we know that with landmark 
cases, simple classification along existing lines is inadequate. What these types of cases do is 
completely recreate the necessary and sufficient conditions for each outcome. This means 
that, in essence, new factors must be created for the entire training set. Thus, unless the 
creator of the induction system is aware of the relative importance of each case, the output 
derived by the induction algorithm will be flawed. Hence, the cases used by rule induction 
systems should be the commonplace ones, which have a cumulative effect on the law and 
which reflect the law, rather than which completely re-create the law in a new image. This 
means that landmark cases must be avoided in the construction of induction systems. 

This is, of course, equally true of neural networks. As [Hunter 1994] shows, neural network 
development in law has failed to appreciate the use of dangerously ill-suited cases in the 
training set. There is insufficient room to discuss the various concerns expressed in that paper, 
save to note that, like induction systems, neural networks act as pattern matchers and 
classifiers, and hence should be trained using commonplace cases (cf [Philipps 1989, 1991]). 
Neural networks use cases in a very different way to the use of 'landmark' cases in adversarial 
case-based reasoners. In most neural networks, each case carries the same weight. A neural 
network is trained by repeatedly exposing it to examples of the problem the network must 
solve and learning the significance ('weights') of each of the input nodes. In training neural 
networks to aid in building legal knowledge based systems we need to use commonplace 
rather than landmark cases. This is due to two features: 

I. Neural networks rely on statistical analysis in back propagation learning algorithms. 
Hence, large numbers of cases are necessary to generate statistically significant results. 

2. Landmark cases cannot be assigned their relevant weight, except by artificial and 
suspect means, such as disproportionately exposing the neural network to the landmark case. 



448 Part Eight Object-role Modeling and Intelligent Systems 

Furthermore, using landmark cases will likely prove problematical, since landmark cases are 
usually contradictory to prior experience, at least if one uses the inputs that have previously 
been used to classify the domain. 

In summary then, case-based reasoners (except for statistically oriented CBR systems) may 
appropriately use landmark cases. Neural nets and rule induction systems should use 
commonplace cases. Complementary to our discussion of the commonplace and landmark 
cases which are used in building legal case-based reasoning is a discussion of the manner in 
which we can reason in legal knowledge based systems. We shall argue that commonplace 
cases use statistical reasoning whereas landmark cases use symbolic reasoning. 

4 STATISTICAL AND SYMBOLIC REASONING 

Symbolic reasoning is based on the idea that the core of intelligence lies in the explicit, 
generally sequential manipulation of symbols. Though most legal decision support systems are 
based on symbolic reasoning, we believe that legal advice and the work of lawyers often 
involves reasoning with sub-symbolic statistical information, despite the fact that lawyers may 
be unaware of it. 

We illustrate the differences between symbolic and statistical reasoning, by considering how 
we might wish to find an approximation to the number 212. 

One way to calculate an answer to this problem would be to argue symbolically by using the 
formula (x + 1)2 = x2 + 2*x + l. 

This formula is derived thus: 

(x + 1)2 =x*(x+1)+ 1*(x+l) 
=x*x+x*l+1*x+1*l 
= x2 + 2*x + 1 

distributive law. 
distributive law. 
commutative law. 

This is an obvious example of symbolic reasoning. It allows us to conclude the statement 
(x + 1)2 = x2 + 2*x + 1 is always correct (over the real numbers). 

Wecouldthusconclude2l2=(20+ 1)2=202+2*20+ 1 =400+40+ l =441. 

We need to note that most rule-based systems model an expert's knowl~dge and thus in the 
mathematical sense they are not always valid. Therefore, unless we can reason symbolically 
using exact reasoning techniques, we might as well use approximations to calculate 212. 
An example of such reasoning would be to consider the following table: 
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X (x+1)2 x2 x2 + 2* x 
10 121 100 120 
30 961 900 960 
40 1681 1600 1680 
50 2601 2500 2600 

We could thus use induction to find the rule that (x+1)2 is always close to but a bit greater 
than x2. This might help us deduce 212 is about 400. A more significant induced rule might 
be that (x+1)2 is always one greater than x2.+ 2*x. This might help us deduce 212 is 441. 
We could use numerical techniques to formulate a rule and then apply the rule symbolically. 

We could also try to match instances, by noting the closest cases: 

X (x+ 1)2 x2 x2 + 2* x 
10 121 100 120 
30 961 900 960 

And so 212 should be 202 + 2 *20 + I. 

Thus, unless one has a logically valid model of the domain, induction, case-based reasoning or 
neural networks could just as well used to automate the learning of knowledge-rather than 
just deriving rules from domain experts. 

Both induction and case-based reasoning use some form of numerical or statistical reasoning. 
Induction uses mathematical theories of information theory to tum sets of standard cases into 
decision trees. It does so by minimising the information Joss in building the decision tree 
[Quinlan 1986]. This theory of information gain and Joss is based on statistics. 

In case-based reasoning statistical techniques are used to measure the 'closeness' of cases. 
The learning of these 'weights' can be automated statistically through the use of induction or 
neural networks. 

However, in both induction and case-based reasoning once the statistical decision tree or 
measure has been determined, the reasoning continues symbolically. Neural networks do not 
rely on statistical and then symbolic reasoning. Instead they rely only on statistical reasoning. 

Neural networks share the limitations of rule induction systems in that their output is 
dependent on statistical analysis of legal cases, rules, or whatever. Some legal theorists would 
argue that this is appropriate since they claim that one need not believe what the judges say 
and should look at what they do. Others would claim that any statistical analysis of cases 
cannot capture the subtlety, the theory or the context of the case, and would hence argue that 
they are inherently flawed. 

Adversarial case-based reasoners use symbolic reasoning. Cases are precedents employed in 
arguments by analogy to justify assertions about how to decide a problem. Since analogies 
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may lead to various precedents which have differing outcomes, the reasoner must justify its 
conclusion as well as give the competing precedents. It does so by taking one side's 
viewpoints and discrediting analogies to opposing precedents. A symbolic case-based 
approach imposes enough structure on a domain to support case comparisons and case-based 
inferences. The symbolic comparison, inference and justification methods correspond to the 
methods employed in actual legal arguments. 

The Mabo case cited in Section 2 as a landmark case can be used in symbolic reasoners and 
not in statistical reasoners. If it were added to the training set of a statistical reasoner the 
system may not train because this case contradicts all previous cases. If there are sufficient 
previous cases then this case would tend to be subsumed by the force of those cases resulting 
in a statistical reasoner that has trained but only by ignoring the landmark case. A statistical 
reasoner would require an indicator of this case's significance in order to attribute the required 
import to the case. However, assigning such an indicator is arbitrary and suspect. 

The conclusion to this, is to note that while there is a relationship between statistical and 
symbolic reasoning, demonstrated by our example, it is true that existing AI paradigms are 
incapable of accommodating the relationship. Instead, we must identify whether we are using 
a statistically or symbolically based paradigm, and adjust our use of cases accordingly. If we 
are successful in doing this, we will see a series of legal knowledge based systems, built using 
different approaches and equally using different types of cases. 

5 THE USE OF LANDMARK CASES AND SYMBOLIC 
REASONING - THE IKBALS SYSTEM 

IKBALS III is an object oriented integrated rule-based/case-based reasoning system written in 
the expert system shell NEXPERT OBJECT [Zeleznikow et al 1994a]. It operates in the 
domain of Victorian credit law. The rules in IKBALS III consist of statutes and domain 
experts' heuristics. The rule-based reasoning agent commences the simple reasoning process: 
when the rules are no longer adequate the case-based reasoning agent is invoked. The system 
commences by asking the user a series of questions-if the user is able to provide an answer 
then the reasoning is confined to the rule-based reasoner. It is only when the user answers 
'unsure' that IKBALS III moves to the case-based reasoner. It can be seen that when the user 
is unsure of the answer then we have almost certainly encountered an 'open textured' 
predicate. Open textured legal predicates contain questions that cannot be structured in the 
form of production rules or logical propositions and require some legal knowledge on the part 
of the user in order to be answered. IKBALS III uses the open textured predicate upon which 
the 'unsure' answer was given to find those cases in the case base which deal with this 
predicate. The case base thus consists of landmark cases in the domain. 

The IKBALS III induction algorithm, based on Quinlan's ID3 algorithm, then creates a 
decision tree from these cases. This decision tree is then converted into quantitative rules. 
These rules serve to ask further pertinent questions with regard to the open textured predicate 
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in question, which the user must answer. When all these questions have been answered the 
induction algorithm retrieves the most relevant cases in the case base-using a weighted 
nearest neighbour algorithm. 

We illustrate how IKBALS III operates through the use of an example. Let us assume the 
following fact scenario. Mr Jones, a business proprietor borrows from a finance company to 
buy a vehicle from a distributor. Immediately upon buying the vehicle he discovers that it is 
unserviceable, and pursuant to the warranty, returns the vehicle, receives his money back and 
returns the money to the finance company. The major issue is the very short period for which 
credit was extended, and hence there is a question whether the deferral of payment of the 
money owed was for a significant period. Deferral for a significant period is a fundamental 
requirement of whether there has been 'credit' provided in a given fact situation. 

The user, presented with a series of questions generated by the rule-based agent, is eventually 
asked whether the credit was extended for a business purpose. This is a requirement of the 
statutory provisions. Suppose the user understands the concept of 'for a business purpose', but 
is unsure whether the short period of the loan means that the loan satisfies the definition of 
credit. At this point the user responds 'unsure', and the case-based agent is invoked. 

The case-based agent then prompts the user for information about those features of the current 
scenario which correspond with the salient features of the case base. It asks questions relating 
to whether there was a benefit and what was the period of deferral of payment. Each of these 
features has been generated from the case base. The user inputs that the period of deferral was 
insignificant. Cases which are relevant to this point are displayed by the report generator. The 
conclusion of the report generator is that a short period of the loan means that the period of 
deferral is insufficient for this to be credit. The user is then passed back to the rule-based 
agent, and answers the question of which he or she had previously been unsure on the basis of 
this new information. This procedure continues throughout the rule base. 

The IKBALS example shows how we use cases to handle open texture in expert systems. 
Where we encounter open texture we are faced with a prodigious knowledge representation 
problem. One cannot represent the open textured terms in the system in the form of logical 
clauses or rules. But can using cases, or a combination of rules and cases, overcome this 
problem? 

We would argue that it can go some way towards doing so. The inferencing process in case
based reasoning relies on the creation of similarity metrics and an adaptation process to make 
the retrieved case as similar as possible to the current fact situation. In performing this 
analogical process the case-based reasoner is able to break the explicit representational linkage 
between the open textured term and the extension or definition of that term. Hence, analogy 
allows the case-based reasoner to redefine the problem space for the matching task, and, at 
least to some degree, resolve the open texture. 

In the IKBALS example we assumed that there was some form of underlying domain model, 
which we could capture by the use of rules and cases. The use of both rules and cases 
involved symbolic reasoning. However we did use a statistical induction algorithm to learn the 
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important features of an open textured predicate: in the given example we learnt the important 
attributes of the open textured predicate 'for a business purpose' 

We now consider the Split Up system in which there is no strong domain model and in which 
one learns from standard cases. 

6 THE USE OF STANDARD CASES AND STATISTICAL 
REASONING - THE SPLIT UP PROJECT 

In determining the distribution of property under Australian divorce Jaw a judge performs the 
following functions: 

She determines assets of the marriage the Court is empowered to distribute. This task is 
denoted as the common pool determination; 

She determines what percentage of the common pool each party to the marriage 
receives-known as the percentage split determination; and 

She determines a final property order in line with decisions made in the percentage split 
and common pool determination 

Whilst constructing the Split-Up prototype we noted that the task of determining the 
common pool was suited to modelling using rule-based systems. A system was developed 
which converted directed graphs into forward and backward chaining inferencing systems. 
Conceptually equivalent to rule-based systems, this approach allowed experts to be more 
active in eliciting their heuristics than is the case with traditional rule-based 
approaches. [Stranieri et at. 1994b] 

The task of determining what percentage of the common pool each party to the marriage 
receives could not be modelled adequately using rule-based systems. A rule-based approach 
is made difficult in that the knowledge necessary for such a percentage split determination 
cannot be obtained from the divorce Jaws themselves. Further, heuristics in the domain are 
complex and numerous, due to the discretionary nature of the Jaws. Whilst the laws specify a 
number of factors that a judge must consider in determining a percentage split of the assets, 
they allow much latitude in the combining and weighting of these factors. A discussion of how 
to model discretionary acts can be found in [Zeleznikow et al1994b]. 

Neural networks, in contrast to a rule-based or case-based approach, determine and represent 
weights of factors sub-symbolically and thus are well suited to capturing the weighting of 
factors which predict a judge's performance. Factors specified by the statute as relevant for a 
percentage split determination can be selected as inputs into a neural network and the output 
can be the percentage of the assets awarded to the parties. A supervised network is preferred 
over an unsupervised network as the output, namely the percentage split reported in a 
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judgement, is known in all cases. A pool of four hundred unreported cases serves for the 
extraction of case facts so that a training set may be assembled. 

i 

The neural network was therefore quite successful in creating knowledge in a domain which 
has a weak domain theory. However we were still left with a fundamental problem: the lack of 
explanatory output from the network. To train the neural network we used a case base of four 
hundred unreported cases supplied to us by the Family Court of Australia. It should be noted 
that prior to extracting the cases from the Family Court records, we spent much time with 
family law domain experts, designing a template for our case base. 

In law a basis for the expert outcome is vital-lawyers are hardly likely to accept the output of 
a neural network without further justification. We sought to add explanatory features to the 
neural network. We chose to use Toulmin argument structures to provide explanation in the 
Split-Up system. Toulmin [ 1958] concluded that all arguments consist of four invariants: 
claim, data, warrant and backing. A detailed description of how Toulmin argument structures 
are used in Split-Up can be found in [Stranieri et al. 1994a]. The assertion of an argument 
stands as the claim of the argument. The claim can be substantiated by data. The warrant acts 
as a justification for the claim, given the data. The backing of an argument supports the 
validity of the warrant. 

Figure 1 provides an example of two Toulmin argument structures in the Split-Up system. 
The claim of the argument on the left serves as data for the argument on the right. Sixty four 
arguments were identified for the determination of an appropriate percentage split of the assets 
of a marriage. Many of these arguments produced claims which were in tum used as data for 
other arguments. All arguments contribute to a culminating argument-the percentage split 
illustrated on the right of Figure ·1. 

DATA CLAIM DATA CLAIM 
George has George contributed 

I contributed George has 
r-c~ 

George 
much more directly 

much more contributed receives 
to finances than Martha 

than Martha. much more 65%ofthe 
than Martha property 

George contributed 

I WARRANT 
Georgeha.• much more indirectly 

to finances than Martha similar future WARRANT needs as Martha 
I. Direct and I. Past 

George contributed indirect financial contributions are 
the same as Martha contributions are rewarded 
as homemaker equally important BACKING 

BACKING 2. Homemaker I. Section 79(4)(a-c) 2. Future need• are 
contributions are 
as important a.• 2. Section 79(4)(c) considered if 

I. Section 79(4)(a) r financial contributions NoeiVNoel 
~ 

significant 

2. Section 79(4)(c) FLC 92-083 

Figure 1 Two Toulmin arguments in Split-Up 
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The claim of each argument is inferred from data values from the same argument. The 
inference for a number of arguments is performed by feeding data values forward through a 
neural network(feed forward networks were trained with back propagation of errors). For 
other arguments, the inference is performed by chaining through a rule set. Thus, a partitioned 
rule/neural hybrid system architecture emerges quite naturally from a Toulmin argument based 
representation of legal knowledge. 

The generation of an explanation commences once a claim has been inferred. The user may 
question this claim. The data items that were involved in inferring the claim are then presented 
as an initial explanation. If the user cannot accept the data items as valid, the argument which 
produced those items is found and an explanation is generated for it. If the validity of the data 
items is not in question but the rationale is questioned, the warrant of the argument is 
produced. This is augmented with the backing if the user is still dissatisfied. A sample 
explanation proceeds as follows.{ Explanatory text is in italics}: 

Split-up: George receives 65% of the property. {Claim of Argument Percentage split} 
User: Why? {Claim is questioned} 
Split-up: Because George has contributed much more to the marriage than Martha. George 
has similar future needs as Martha. {Data of Argument Percentage split} 
User: So what ? {Argument is questioned} 
Split-up: I. Past contributions are rewarded. 

2. Future needs are considered if significant. {Warrant of Argument Percentage 
split} 
User: Why? {Warrant is questioned} 
Split-up: I. Section 79(4)(a-c) of the Family Law Act explicitly directs that contributions are 
to be taken into account. 
2. Section 79(4)(e) of the Family Law Act allows the Court discretion regarding the relevance 
of future needs. Noel and Noel (1981) FLC 92-083 advises that future needs should be 
considered if either party's needs are significant. {Backing of Argument Percentage split} 

An explanation generated in this way, is independent of the inferencing method used to 
produce the claim. Thus, an explanation can be generated, whether a rule set or a neural 
network has been used to produce the claim. 

This explication methodology assumes that an explanation for a conclusion can be generated 
which is independent of the reasoning steps used to reach that conclusion. This assumption 
draws on the work of [Wick and Thompson 1992] who view an explanation as something 
more than a collection of reasoning steps. They note that a human expert creates a 'story', a 
line of explanation, which may be quite different from the line of reasoning. Their explication 
system is independent from the expert system and uses knowledge at different levels of 
specificity from that used by the expert system. It takes the conclusions and the reasoning 
steps used by the expert system as input. 

The explanations are implemented in Split-Up as hypertext links to Toulmin argument 
components. The percentage split module of Split-Up has been implemented using the object 
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oriented knowledge based system development tool, KnowledgePro. The hypertext facilities 
built into KnowledgePro allow the warrant and backing based explanations to draw on statutes 
and past cases. Rule-based arguments make use of KnowledgePro's forward and backward 
chaining inferencing facilities. 

7 CONCLUSION AND CURRENT WORK 

In this paper we have discussed the varying use of cases in providing intelligent decision 
support particularly within the legal domain. We have emphasised, both theoretically and 
through the use of examples, the different roles of cases in case-based reasoning systems, 
machine induction and neural networks. Our current research involves further investigating 
the use of cases to resolve open texture and provide advice in discretionary domains as 
follows: 

Whilst the rule base of IKBALS III covers the total domain of credit, the case base is 
small. It currently consists of twenty seven litigated and hypothetical cases concerning 
just one open textured predicate, the definition of 'credit'. Further, our example only 
considers one term within the definition of 'credit'. Using the IKBALS III prototype 
we were satisfied that the approach had merit. Therefore, current research involves 
extending the case base to include one hundred cases which consider four open 
textured predicates. However, we need to examine an example to see how case-based 
reasoning can reduce the degree of open texture in a predicate. 

We are attempting to determine computational models for the degree of open 
texturedness of a predicate. 

We are also developing a complementary theme to open texture - namely boundedness. 
Motivation for this comes from the predicate 'the paramount interests of the child'. It 
is difficult to write down any rules as to what are the paramount interests of the child. 
But further, we do not even know from whence our knowledge comes: The Family 
Law Act? The Guardianship Act? The Children's Act? etc. 

Much early work in case-based reasoning considered negotiatiOn (Mediator, 
Persuader). Most of a lawyer's time is spent performing negotiation. We are building 
systems to provide negotiation support with respect to family law property disputes by: 

a. Building a formal model of negotiation which involves determining the litigants' 
goals, beliefs and costs. This model uses fuzzy belief revision. 
b. Using Case-based Reasoning. 
c. Using the Split-Up system. 

We are developing a computational model based on Toulmin argument structures. 
This will enable us to build systems which can create new arguments, rebut existing 
arguments and generate prototype arguments. See [Stranieri & Zeleznikow 1995] for 
further details. 
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We are exploring the use of evolutionary programming to optimise the training of our 
neural networks. These techniques can be used to retrain a network when a major 
change occurs in the law. 
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Questions & answers 
Question [Robert Meersman]: 

Who's the intended user? 

Answer [Andrew Stranieri]: 
Paralegals. 

Question [Sham Navathe]: 
Is your notion of "case" the same as content based reasoning (CBR) in general? 

Answer [Andrew Stranieri]: 
? 

Question [Leo Mark]: 
How do CBR systems identify relevant cases? 

Answer [Jeff Pittges]: 
Previous CBR's. Static concept hierarchies. Kolodner uses a discrimination tree 
in memory. ID3 decision tree is created dynamically. 

Question [Stephen Arnold]: 
Looked at IDS? 

Answer [Andrew Stranieri]: 
? 

Question [Sham Navathe]: 
Inputs to ID3? 

Answer [Andrew Stranieri]: 
Frames of facts. 


