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Abstract Although Case-based Reasoning has been appHed successfully in medical do
mains, case-based diagnosis handling multiple disorders is often not sufficient 
while multiple disorders is a daily problem in medical diagnosis and treatment. 
In this paper, we present an approach which integrates two case-based reasoners 
for diagnosing multiple faults. This multiple case-based reasoning approach has 
been evaluated on a medical case base taken from real world application and 
demonstrated to be very promising. 
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1. Introduction 
Medical Diagnosis problem has absorbed lots of AI researchers' attention 

since medical domain is not really well understood in some aspects by human 
being and Artificial Intelligence has potential to help diagnosis. Case-based 
Reasoning ( CBR ) employs existing experience to support problem solving 
without necessarily understanding the underlying principles of application do
main. It takes a very different view from normal reasoning process which 
draws its conclusions by starting from scratch and chaining generalized rules. 
Case-based Reasoning has been demonstrated to be very suitable for weak the
ory domains, especially for medical domain. 

Multiple disorders are a daily problem in medical diagnosis and treatment. 
However, case-based diagnosis handling multiple disorders is still a challeng
ing task. Moreover, multiple disorder cases always occur with single disorder 
cases in real world applications which makes diagnosis more difficult. 

In this paper, we present a multiple case-based reasoning approach (Mul
tiple CBR) ^ which integrates naive case-based reasoning and compositional 
case-based reasoning to handle multiple disorder problem ^ . In the follow
ing section, we firstly describe Compositional Case-based Reasoning, then a 
multiple case-based reasoning system will be presented. This approach is eval
uated on a medical case base in the subsequent section. We conclude the paper 
after a discussion of the presented work and related work, then give pointers to 
promising work in the future. 

2. Multiple Disorder Diagnostic Problem 
Our context is a medical documentation and consultation system. In our 

application domain of sonography, the examination considers several partially 
disjunctive subdomains, eg., liver or kidney, which results in multiple disor
ders. To support diagnosis, we want to retrieve experiences such as expla
nations for a query case based on the presented similarity to former cases. 
We also want to retrieve additional information about therapy, complications, 
prognosis or the treating physician as contact person for special questions. 

We use case-based reasoning to retrieve experiences and help diagnosis. 
However case-based diagnosis handling multiple disorders differs from han
dling single disorder. For instance, for a single disorder casebase dealing with 
100 disorders, the chance of reusing a case is roughly one to one hundred. 
However, due to the combinatorial rules, the chance of reusing a case with 
3 independent diagnoses from 100 alternatives is just one to one million. In 
a real world setting, our medical case base contained about 7 disorders per 
case on average, and have 221 disorders in total, thus the chance of reusing 
an entire previous case is very small. Moreover, naive case-based reasoning 
approach which performs good on single disorder casebase shows a poor per-
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formance. Naive case-based reasoning means to retrieve the most similar case 
to the query case and to adopt the solution of that similar case as the solution 
for the query case. This result indicates that we can not guarantee to retrieve a 
similar enough case and a desirable solution from a multiple disorder casebase. 

In this paper, we argue that we can reuse portions of previous cases to con
struct disirable solution for a query case in the multiple disorder situation, al
though a similar enough entire case might be unreachable. 

3. Intelligent Diagnostic System 
Using Multiple Case-based Reasoning 

In this paper, we propose an integrated approach which aims at a real world 
application, where single disorder cases occured with multiple disorder cases 
when these cases or data were collected by hospitals. 

Before we introduce our method, we define necessary notions concerning 
our knowledge representation schema as follows: Let QD be the set of all 
diagnoses and ÜA the set of all attributes. To each attribute a e ÜA B. range 
dom{a) of values is assigned. Further we assume up to be the (universal) 
set of findings {a — v), where a G Jl^ is an attribute and v G dom{a) is an 
assignable value. Let CB be the case base containing all available cases that 
have been solved previously. A case c G CB is defined as a tuple 

C = ( ^ c , ^ c , / c ) , (1) 

where Tc C up is the set of findings observed in the case c. In CBR-problems 
these findings are commonly cdllQd problem description. The set Vc C üo is 
the set of diagnoses describing the solution for this case. ^ contains additional 
information like therapy advices or prognostic hints. 

To compare the similarity of a query case c with another case 6, we apply 
Manhattan distance for continuous or scaled parameters 

1 ^ _ 
md{x,y)=T2^Wi\- — ^ - - ——I (2) 

'̂  . 1 '^max ^mm ^max '^mm 

and Value Difference Metric ( VDM ) for discrete parameters (Wilson and 
Martinez, 1997). 

l^^l DTÜD -^(" = ^) N{a = y) 

where x and y are values of parameter a in case c and d respectively. 
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3.1 Compositional CBR on Multiple Disorder Casebase 

Compositional adaptation was originally developed for configuration tasks. 
It decomposes problems into sub-problems and retrieves those sub-problems 
in the casebase, and then combines different parts of the solutions of similar 
cases (Wilke and Bergmann, 1998). However, in a multiple disorder situation, 
we can not perform decomposition because the findings cannot explicitly be di
vided automatically into different groups which are corresponding to different 
diagnoses without the help of experts. 

We assume that in the multiple disorder situation, not all the diagnoses in 
the solutions of the Ä: most similar cases will be suggested as the final diag
nosis. Only the diagnoses with a high occurrence among the k most similar 
cases have a high probability to appear in the final solution of the query case. 
The underlying meaning of this assumption is that those findings in the k sim
ilar cases which are similar to the query case will contribute to those desired 
diagnoses with a high occurrence in the similar case solutions. 

At the same time, we assume that the more similar the retrieved case is to 
the query case, the higher the probability that the diagnoses in this retrieved 
case will appear in the final solution. Thus, we add weights to the frequency 
of diagnoses in the set of retrieved cases. 

Given a query case Cq, we retrieve the k most cases, and calculate the 
similarity-weighted frequency Fqc for each diagnosis Dj. 

Definition 1 (Similarity-Weighted Frequency). The similarity-weighted fre
quency of a diagnosis D is the weighted frequency of D within the k most 
similar cases. 

Fqe(D,) = ^ • ' • " ; - ^ ' ^ " ^ > . (4) 
T.liWi 

where D G ft^ is a diagnosis; Ci G CB is the ith most similar case to the 
query case; 5{Ci^D) is 1, if D occurs in the i most similar case Q, and 0 
otherwise. Wi represents the associated weight, where we used the squared 
relative similarity between Ci and the query case Cq. Therefore, the weight is 
proportional to the similarity. 

After we calculate the similarity-weighted frequency of the diagnoses ap
pearing in the k most similar cases, we generate a candidate solution defined 
as follows: 

Definition 2 (Candidate Solution). A candidate solution 

CS^{DeÜD' FQC{D) > e} , (5) 

is the set of diagnoses with a similarity-weighted frequency above a dynamic 
threshold e — a * maxp^n^ FQC{D). This threshold has a linear relation-
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ship with the mode of the frequency value of the diagnosis in the k most similar 
cases and a is a coefficient. 

Thus, we only include a diagnosis into the candidate solution, if the similarity-
weighted frequency of the diagnosis is greater or equal than the threshold de
fined by e. The diagnoses that do not appear in the k most similar cases are not 
considered. 

We summarize our Compositional CBR approach as follows, and evaluate 
it in the subsequent evaluation section, i.e. in section 4. 

CompositionalCBR algorithm 
{ 

Given a query case Cq and casebase MCB, 
KMostSimiCase = Retrieve.kMostSimi {Cq, MCB); 
for( int j=0; j< Disorder.Number {MCB); j++) 
{ 

Fqc{Dj) = 0; 
Fqc{Dj) = Ca\cu\a.teSP'qc{Dj, KMostSimiCase); 
if{Fqc{Dj)>=e) 
{ 

Add Solution (Dj, solution); 
} 

} 

return solution; 

} 

3.2 Multiple Case-based Reasoning System 
To deal with the real world situation in which single disorder cases occur 

together with multiple disorder, we separate the existing casebase into single 
disorder casebase (SDCB) ^ and multiple disorder casebase (MDCB) ^, and 
integrate compositional case-based reasoning and naive case-based reasoing. 

Given a query case Cq, we use a ReasonerSelector component to find out 
which case-based reasoner should be applied for this case. According to the re
sult from the ReasonerSelector component, naive CBR or compositional CBR 
will be applied. Compositional case-based reasoning retrieves a group of the 
most similar cases in multiple disorder casebase, then use compositional adap
tation to get portions of the solutions of the most similar cases to get the final 
solution, while naive case-based reasoning retrieves the most similar case and 
adopts the solution of that retrieved case. After that, we combine this query 
case with the candidate solution and restore it either into the single or the mul
tiple casebase according to the number of diagnoses in candidate solution. 
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Multiple Case-based Reasoning algorithm 
{ 

Given a query case Cq, casebase SDCB, casebase MDCB, 
selectSingle = ReasonerSelector {Cg, SDCB, MDCB); 
if ( selectSingle ) 

{ 
solution^ TraditionalCBR {Cq, SDCB); 
bl Singl e=tmQ; 

} 
else 

{ soluUon= CompositionalCBR (Cq, MDCB);} 
SolvedCase = Construct {Cq, solution); 
if ( blSingle===tnxQ ) 

{ Restore {SolvedCase, SDCB); } 
else 

{ Restore {SolvedCase, MDCB); } 
} 

In the ReasonerSelector component, we retrieve the most similar case from 
both SDCB and MDCB respctively, and mark the corresponding similarity 
value as Sg and Sm- If Ss is greater than Sm, then we assume that the fi
nal solution for this query case has more potential to be a single disorder, thus 
we use naive CBR to retrieve the most similar case and adopt the solution for 
that most similar case. If Sg is smaller than Sm, then the solution comes up 
after compositional adaptation is applied. If 5̂  is equal with Sm, we prefer to 
use the single disorder casebase to get a single disorder solution, according to 
the Parsimiony goal ( also referred as "Occam's razor", the goal of minimizing 
the complexity of explanation (Peng and Reggia, 1990)). 

4. Evaluation 

For our evaluation we applied cases from the knowledge-based documen
tation and consultation system for sonography SONOCONSULT, an advanced 
and isolated part of HEPATOCONSULT (Huettig et al., 2004). Our evaluation 
case base consisted of 744 cases, among which there are 65 single disorder 
cases and 679 multiple disorder cases. The case base contains an overall num
ber of 221 diagnoses and 556 symptoms, with a mean MD = 6.71 ± 04.4 of 
diagnoses per case and a mean Mp — 48.93 ± 17.9 of relevant findings per 
case. 

In the usual task of assigning an example to a single category, the accuracy 
is just the percentage of cases which are correctly classified. But to quantita
tively measure the accuracy of multiple disorder diagnosis, the simple accuracy 
measurement doesn't fit. Standard accuracy has also be demonstrated to be not 
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very suitable for multiple disorder problem (Cynthia A and Mooney, 1994), 
which is defined as (T"^ + T~)/N, where T"^(True Positives) is the num
ber of disorders in the correct diagnosis that are also in the system diagnosis, 
r~(True Negatives) is the number of disorders not in the correct diagnosis and 
not in the system diagnosis, and N is the total number of disorders. 

We adopted the Intersection Accuracy (Cynthia A and Mooney, 1994), as 
a measure for multiple disorder problems. Intersection accuracy is derived by 
the two standard measures: sensitivity and precision. 

Definition 3 (Intersection Accuracy). The Intersection Accuracy IA{c^ d) is 
defined as 

J^(c,c') = ^ - ( -
\Vc\ + 

\Vc n Vd 
YD A 

(6) 

where c and d are two cases, Vc C Vtjj is the set of diagnoses of case c, and 
Vc' C VLJJ is the set of diagnoses contained in case d likewise. 

We used leave-one-out cross-validation which is a variation of k-fold cross 
validation, where each fold consists only of exactly one case. 

We compare our method with Naive CBR, Set-Covering method (Baumeis
ter et al., 2002) and Partition Class method (Atzmueller et al., 2003). These 
four methods were implemented respectively and evaluated using the same 
casebase. the set-covering approach combined case-based reasoning and set-
covering models for diagnosis. The partition class method uses partitioning 
knowledge provided by the expert to split cases into several parts. Decom
posed cases are retrieved and combined to get the candidate solution. The 
evaluation results are shown in the following table. 

744 Cases from the SonoConsult Case Base 
Approach 
Naive CBR 
Set-Covering 
Multiple CBR 
Partition Class 

solved cases (percentage) 
20 (3%) 

502 (67%) 
536 (72%) 
624 (84%) 

mean ace 
0.66 
0.70 
0.70 
0.73 

Table 1. Comparison of the approaches, using 744 cases 

The results in the first line show, that the Naive CBR method performs poor 
with cases having multiple disorders. Naive CBR utilizing no adaptation and 
no additional background knowledge can only solve 3% of the cases in the case 
base, which is obviously insufficient. The Mulitple CBR method solves 536, 
i.e., 72% of the cases in the case base, with a mean accuracy of 0.70, which 
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performs significantly better than naive CBR. This demonstrates the relevance 
of this method in the multiple disorder situation. 

Multiple CBR is slightly better than the set-covering approach. This is prob
ably due to two issues: The set-covering approach returns candidate cases in 
terms of cases with all their solutions and no sophisticated adaptation step is 
applied. The knowledge-intensive method using partition class knowledge per
forms best. However the multiple CBR method and the set-covering approach 
do not need background knowledge, and so can be applied in arbitrary situa
tions when the partitioning knowledge is not available, while the partition class 
strategy needs aditional background knowledge. 

Furthermore, we apply naive case-based reasoning and compositional case-
based reasoning respectively on both the single disorder casebase(SDCB) and 
multiple disorder casebase (MDCB). This demonstrates the aptness of naive 
CBR on SDCB, and compositional CBR on MDCB, as shown in table 2. 

65 cases in SDCB, 679 cases in MDCB 
Approach 
Naive CBR on SDCB 
Naive CBR on MDCB 
Compositional CBR on SDCB 
Compositional CBR on MDCB 

solved cases (percentage) 
57 (88%) 
125(18%) 
19(29%) 

561 (83%) 

mean ace 
0.68 
0.71 
0.63 
0.69 

Table 2. Aptness of Naive CBR on SDCB and Compositional CBR on MDCB 

The results in the first two lines show, that the naive CBR method performs 
good for cases with single disorder while it performs relatively poor for cases 
with Multiple disorder. Compositinoal CBR shows more competence on han
dling multiple disorder cases, which solved 83% multiple disorder cases. 

5. Discussion 
There are several points worth noting about our approach. Firstly, the case-

based reasoning method itself corresponds to the diagnosing process that physi
cians always use. They recall former similar diagnostic case and compare the 
symptoms with those current patient have, make some adjustment based on the 
previous solution to adapt the current symptoms the patients have. The cogni
tive similarity between Case-based Reasoning and diagnosis makes it easy to 
get user acceptance. 

Secondly our method involves two case-based reasoners working together 
for handling different casebases. This is different from most case-based rea
soning systems using simplex reasoners. It evokes an idea of using multiple 
case-based reasoner, each of which may be suitable for different casebase or 
dataset. 
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Thirdly, our system deals with the problem of multiple disorder which hasn't 
been identified by most knowledge-based diagnostic systems (Gierl et al., 1998). 
This is due to the single disorder assumption, which assumes to use only one 
disorder to explain all the findings presented (Peng and Reggia, 1990). 

Forthly, our approach uses flexible knowledge, and allows the automatic 
generation of the knowledge base from an existing database, which not only 
makes the CBR system easy to integrate into existing clinical information sys^ 
tems, but also, to some extent, avoids knowledge acquisition problem. 

6. Related Work on Multiple Dirorders 
INTERNIST matches symptoms and diseases in general internal medicine 

based on forward and backward conditional probabilities (Miller et al, 1982). 
But it does not deal with interacting disorders properly because if the findings 
can be explained by a disorder, then these findings will be deleted immediately 
no matter how these findings could also lead to diagnosis of another disorder. 

HYDI decomposes knowledge from the causal models into diagnosis units 
to prevent re-computation for similar problem to improve efficiency (Jang, 
1993). But the diagnosis units in HYDI largely rely on the causal models 
which have been built in Heart Failure Program (HF) on heart disease. Only 
when all the causal models for other disorders are available, could HYDI's 
method be applied to diagnose other disorders. 

H E P A R H (Onisko et al., 2000) extended the structure of Bayesian network 
and (Gaag and Wessels, 1995) use belief networks to diagnose multiple disor
der, but they are both based on the medical literature and conversations with 
medical domain experts, which highlights knowledge acquisition problem. 

7. Conclusions and Outlook 
In this paper, we introduce a multiple case-based reasoning approach to deal 

with multiple disorder problems. We apply compositional case-based reason
ing to construct diagnostic solution from multiple disorder casebase and em
ploy naive case-based reasoning to access single disorder casebase. Using real 
medical data, this method has been demonstrated to be promising. 

There are many opportunities for future work. Firstly, our method has a 
potential source of error, the decision of which case-based reasoner should be 
choosen. We will investigate it in more detail in the future. Secondly, we 
believe that employing learning methodology to explore interactions between 
disorders will help to filter the candidate disorder or to add potential disorder 
during case adaption. Thirdly, experiments in other domains are desirable. Our 
work has the potential to be used to diagnose multiple faults in other diagnostic 
problem areas, such as diagnosis problems concerning machine faults. 
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Notes 
1. Cur Multiple Case-based Reasoning method is different from MultipIe-Case-base reasoning (Leake 

and Sooriamurthi, 2003) which emphasizes case-based reasoning on multiple casebases, while our multiple 
case-based reasoning focuses on integrating multiple case-based reasoners together, 

2. Here Multiple Disorders is in a broad sense, which includes single disorders and multiple disorders. 

3. In a single disorder casebase, one disorder is ultimately used to explain all the findings for each case, 
although the single disorder casebase could have several disorders. 

4. This multiple disorder is in a narrow sense, the multiple disorder casebase is a casebase with multi
ple diagnoses, we also call this multiple disorder only casebase. 
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