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Abstract: Fish disease diagnosis is a complicated process and requires high level of 
expertise. However, there’s no accepted general knowledge in fish disease 
diagnosis. This paper describes a CBR (case-based reasoning) system for fish 
disease diagnosis. A two-step case retrieve model is proposed in this paper. 
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1. INTRODUCTION 

Fish disease diagnosis is a complicated process and requires high level of 
expertise. This problem domain has its own problems, the major one being 
that the effort to deal with a multitude of diseases for multiple species, and 
another one being that there’s no accepted general knowledge in fish disease 
diagnosis (Daniel Zeldis. 2000). 

An expert system for fish disease diagnosis called Fish-Expert has been 
developed. Fish-Expert, in which rule-based reasoning is applied, can mimic 
human fish disease experts (Daoliang Li. 2002). There are two deficiencies 
with the Fish-Expert, the major one being that rule-based reasoning requires 
some ‘deep’ knowledge in order to be truly effective, however there’s no 
accepted general knowledge, another one being that inference engine is too 
complex to work efficiently and is time-consuming. 
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This paper describes a CBR system for fish disease diagnosis. CBR is a 
well recognized and established method for building medical expert systems 
[4]. Instead of relying on general domain knowledge, CBR uses the storage 
of a large number of previously solved cases (Isabelle Bichindaritz. 2006). 
Through the interview with these fish experts, plenty of fish disease cases 
those can be used in CBR have been acquired. And a two-step case retrieve 
model is proposed. Some experiences with developing CBR system are 
discussed and the conclusions are provided at the end of the paper. 

2. SYSTEM ARCHITECTURE 

The overall architecture of the system is show in Figure 1. Through a 
forms interface, the fish farmers’ requirements could be input. And the CBR 
system will search the fish disease case base of past cases and retrieve 
similar cases. Details of the similar case will then be available to the fish 
farmers. All this information would then be automatically passed back to an 
agent to authorize or change, if necessary. Once a case is completed, its 
details would be added to the fish disease case base (Isabelle Bichindaritz. 
2006). 

 
Figure 1  System Architecture 
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3. METHODOLOGY 

In the following, how the CBR to be applied in fish disease diagnosis is 
described. The subtasks are referred to as case representation, case indexing, 
case retrieval and case reuse. 

3.1 Case Representation 

A case of fish disease diagnosis is a set of empirical data, gathering the 
experience of the fish vets involved in a previous situation. The fish vets 
write the usual description of a case in natural language in a general 
standardized report. From the analysis of a corpus of available reports, a 
model has been developed. Within this model, a case of fish disease 
diagnosis is consisted of (Object, Symptoms, Treatments). As there is no fish 
disease vocabulary standard available for descriptions, the domain-related 
items have been chosen by consensus between some fish vets (Anil Varma. 
1999). The symptoms are described as (0-1) vector, where 0 means the 
symptom doesn’t appear, and 1 means the symptom appears. 

3.2 Case Indexing 

A two-step case indexing model is proposed to quickly locate similar 
previous cases in this paper. In the first step index, a clustering algorithm is 
used to partition all past cases in the fish disease case base into clusters 
according to their design specifications. Primary index features are part of 
the explanation of the new case input by the fish farmers. It initially 
identifies which case base the new case belongs to. With the indexing 
mechanism conducted in advance, the case retrieval procedure can be 
accelerated. In the second step, the observed features themselves are used as 
secondary features only. The similarity between the new case and the small 
set of retrieved cases of the first step is calculated using this simple nearest 
neighbor algorithm (Florian Hartge. 2006). 

3.3 Case Retrieval 

The retrieve task starts with a partial fish disease symptoms description, 
and ends when a best matching previous fish disease case has been found. Its 
subtasks are referred to as Identify Features, Initially Match and Select, 
executed in that order (Isabelle Bichindaritz. 2006). 
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3.4 Identify Feature 

To identify a new fish disease case whose input symptoms features should 
be noticed. Unknown symptoms features may be disregarded or requested to 
be explained by the fish farmer. To understand a new case involves filtering 
out noisy symptoms descriptors, inferring other relevant problem features, 
checking whether the feature values make sense within the context, etc 
(Kyung-Sup Kim. 2001). 

3.4.1 Initially Match 

Once the fish disease symptoms features have been identified, the Initially 
Match process starts. Finding a set of matching disease is done by using the 
symptoms features as indices to the fish disease knowledge base in a direct 
way. The possible fish disease set is retrieved solely from input symptoms 
features. A way to assess the degree of similarity is needed, and several 
similarity measurements have been proposed, based on surface similarities 
of fish disease symptoms features (Nirmalie Wiratunga. 2004).  

3.4.2 Select 

The selection process typically generates consequences and expectations 
from each retrieved case, and attempts to evaluate consequences and justify 
expectations. The similarity between the new case and the small set of 
retrieved cases is calculated using this simple nearest neighbor algorithms. 
From the set of similar cases, a best match case is to be chosen. The best 
matching case is usually determined by evaluating the similarity of the fish 
disease symptoms features between the new case and the small set of 
retrieved cases. The case that has the strongest explanation for being similar 
to the new problem is chosen (Isabelle Bichindaritz. 2006). In this stage, the 
small set of retrieved fish disease cases is compared by the client-side applet 
with the original query and similarity is calculated using this simple nearest 
neighbor algorithm (Abdus Salam Khan. 2003). 

3.5 Case Reuse 

The reuse of the retrieved fish disease case solution in the context of the 
new case focuses on two aspects: (a) the differences among the previous and 
the new case and (b) what part of a retrieved case can be transferred to the 
new case (I. Watson. 1999). The modification is done by using the fish 
disease diagnosis knowledge in this paper. 
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4. CONCLUSION 

In conclusion, CBR is applied as the inference engine to mimic human 
fish experts. Instead of relying on general fish disease knowledge which is 
lacking, CBR uses the storage of a large number of previously solved cases. 
And a two-step case indexing model is proposed to quickly locate similar 
previous cases. Based on the two-step case indexing model, an efficient case 
retrieval procedure is developed to find similar cases from the fish disease 
case base for a new case. Experience has shown that CBR approach has been 
able to contribute significantly in fish disease diagnosis. Though the system 
is developed specific for fish disease diagnosis, it can also easily be 
developed available for other domains. 
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