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Abstract 

The essential assumption in case-based reasoning (CBR) is that similar cases have 

similar solutions. The principle of a CBR system is to solve a new problem by reusing 

previous experiences. It is apparent that the accuracy of solutions produced by CBR 

systems depends on the criteria to assess similar cases and the process to produce a 

final result. So far quite a lot method has been proposed for different application 

domains. However, the accuracy of solutions may be different by using different 

methods. In this thesis, we intend to investigate a much more reliable method to 

produce the solution for a new problem. The main idea of our approach is to adopt a 

fusion algorithm, which takes advantage of suggestions from different information 

sources in the final decision making process. It is therefore important for us to utilize 

different algorithms which are available to be implemented in the CBR field. 

Considering that the similarity between cases is affected by feature weights, two 

different algorithms for deriving feature weights are introduced in our thesis. 

Particularly, one of them is used to measure feature weights in terms of the nearest 

neighbor principle. The other is designed to solve classification problems by 

considering the flips of results. With the corresponding solutions from these 

algorithms, the fusion method is employed to produce a more reliable result. The 

specific way used in the fusion process is inspired from a disjunctive combination 

which considers the degrees of possibilities for all candidate solutions. Furthermore, 

we apply this approach to classification problems in several benchmark databases. 

The performance of this fusion approach has been presented by testing results in 

comparisons with other methods. Moreover, the influences of the case library’s size 

and the number of neighbors are also illustrated by implementing the three methods 

in different databases. 
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1 Introduction 

Case Based Reasoning[1] is a relatively new approach to solve problems, and this 

theory was introduced 20 years ago. The main concept of CBR is that similar 

problems have similar solutions. It is an effective method to solve a new problem 

based on the previous knowledge. The process about solving new problems by CBR 

systems is just like the way adopted by human beings in the real world. CBR systems 

have a great adaptability for general problems owing to this advantage. Mankind may 

not know the internal relationship between the underlying problem and the solution, 

but they can propose a solution from their previous knowledge. Similarly, CBR 

system may have a good performance in solving new problems if there is the storage 

of the previous problems and the corresponding solutions. 

The fundamental problem of CBR systems is that determining the most similar cases 

of a new problem and producing a solution for this new problem. Hence, the way to 

retrieve the similar cases from the case library guarantees the accuracy of CBR 

systems. It also means the algorithm to measure the similarity between cases is 

important. The naive methods of measuring similarities, such as Hamming distance 

and Euclidean distance, may not convey a good performance in complex situations. 

Considering a new problem can be described by several features, the algorithm to 

measure feature weights is crucial[2]. As far as the CBR theory is concerned, the way 

to improve the accuracy of CBR systems has attracted a lot of attention. Some 

researchers focused on the adjustment of feature weights in terms of the feedback of 

results. On the other hand, some researchers addressed the optimization of the 

number of nearest neighbors, which refers to the number of similar cases of a new 

problem. 

It is well recognized that many feature weighting methods have been proposed, but it 

is difficult to compare the effectiveness of them generally. Different methods can 

have different performance on different problems. In practical applications, the 

customers need a CBR system which produces a stable and predictable performance, 

so we need to propose a method to guarantee the worst scenarios performance. The 

design can guide the users to an acceptable and stable performance simplify without 

the selection work in numerous CBR methods. Hence, the purpose of this thesis is to 

come up with a method for a CBR system which is expected to get the more stable 

performance in different situations and more beneficial to avoid the worst case. By 
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the fusion method, the CBR system may achieve the desired performance like we 

expected because it gathers information from all candidate sources.  

For the purpose of introducing this new method, we present two methods of 

obtaining the weights of features. They are called ‘Align Massie’ method and 

‘Counting Flips’ method which are particularly introduced by Debarun[3] in 2012. 

Then, we propose a new method to construct a CBR system which fuses the outcomes 

from those two methods. In order to show the performance of our fusion method, we 

are going to compare the performance of CBR systems by this fusion method with the 

performance of CBR systems by the two methods introduced in [3] respectively. At 

the same time, we investigate how the CBR performance can be affected by the 

density of the case library and the number of nearest neighbors. Tests have been done 

on three different benchmark databases to demonstrate the capability of our 

proposed approach as well as the varied performances under varied conditions.  

The rest of this thesis is organized as follows. In Chapter 2, we will introduce the 

background of CBR systems and some related work. In Chapter 3, two different 

methods of calculating the weights of features are presented. In Chapter 4, we will 

propose our fusion method by combining the results from two different CBR systems. 

In Chapter 5, we will present our test results to demonstrate the effectiveness of this 

fusion method. In Chapter 6, summary and conclusion are presented. The future 

work is outlined in Chapter 7. 

2 Background 

2.1 Overview of CBR 

2.1.1 Basics about CBR 

In 1993, First EWCBR was organized. In 1994, Aamodt and Plaza pointed out that 

CBR was a recent approach to problem solving and learning. In 1995, first ICCBR was 

held. Now, over 20-30 universities are doing research about CBR systems all over the 

world. 

CBR is suitable for the domains which human lack knowledge in. The core 

assumption of CBR is that similar problems have similar solutions. So, the solving 

process of a CBR system is not based on an explicit relation between the result and 
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the problem, but based on the similar cases of the new problem. The main concept of 

RBR is based on the ‘If-then’ rule which contains the experts’ knowledge in the rule 

base[4]. So comparing to RBR, CBR does not require users to understand rules in this 

domain. Inductive learning is a paradigm for inducing rules from unordered sets of 

examples[ 5 ]. Comparing to Inductive Learning, CBR can handle incomplete 

information. The structure of neural nets is based on the knowledge of biological 

nervous systems. Neural nets try to gain good performance through interactions of 

essential elements. Comparing to Neural Nets, CBR is a straightforward way and does 

not need retraining when new cases are added. 

But the CBR system still has the limitations. A case base must be available and the 

problem needs to be described as a set of features. On the basis of these, the 

similarity between cases can be described.  

Figure 1 shows a general architecture of a CBR system. When a new problem needs to 

be solved, the CBR system will find similar cases in the casa base according to the 

similarity metric. The solution of a similar case will be reused, when its solution is 

valid, this case will be retained to the case base for future usage. Usually, the bigger 

the size of the case base, the better is the performance of the CBR system. 

 

 

Figure 1 General architecture of a CBR system 

Generally, the CBR system can perform like human learning: learning from the past, 
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validating it on tests and gaining experience. 

Aamodt and Plaza [1] described a typical CBR process for solving problems: retrieve 

the similar cases from the case base, reuse it to solve the new problem, revise the 

proposed solution if required and retain the verified solution to the case base. 

The most important part in CBR systems is the retrieval part. Since the CBR system 

uses previous similar cases to solve new problems, retrieval of the right case plays a 

crucial role. 

Retrieval of cases from the case base is based on the similarity between cases, and the 

calculation of the similarity metric relies on the weights of features. So, the 

calculation of weights is an important part. Lots of work has been done in this line.  

Biologically inspired intelligent techniques such as Gas [ 6 ] and bee colony 

optimization [7] have been employed to find the best feature weights to optimize the 

performance of a CBR system. 

There are so many reasons to adopt a CBR system [8]. It can reduce the knowledge 

acquisition difficulty, avoid previous mistakes, reason in unknown domain or with 

incomplete or imprecise data, as well as reflect human thinking styles. It can also 

reduce the computing time since it starts from similar cases instead of going through 

all computing steps. 

2.1.2 Applicability of CBR 

Case based reasoning is a novel approach which solves new problems based on the 

previous experiences. CBR system requires little maintenance and the mechanism of 

it is similar to human thinking and reasoning. With such advantages, CBR has 

attracted much attention since 90th in the last century. Not only so, many CBR 

systems have been built as commercial tools. They have been applied successfully in 

many domains like law, diagnosis, engineering and so on. The following examples are 

only a small part of its successful application fields. 

 Catering industry 

The challenges in meal planning focus on meeting all the guests’ requirements. 

Furthermore, it is necessary to create new recipes for customers’ changing taste. With 

CBR program, the meal planner is able to make use of desirable recipes and avoid 

previous problems. It can also be implemented in school canteens, hospital canteens 
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and so on. For example, the commercial tools, like JULIANA [9], were designed for 

these agencies. 

 Diagnosis 

For new symptoms, CBR diagnosis system can provide the diagnostician with related 

cases. Moreover, it would give successful examples and warn them about possible 

problems. By this way, the doctor would be aware of the related cases which he/she 

may even not haven meet before. In addition, the appropriate solution for a new 

symptom would be provided by the CBR system. Of course, this solution is only a 

suggestion, and its correctness should be confirmed by experts. For time series data, 

key sequence discovery can be done to identify features of cases for classification in 

medical applications[10][11]. 

 Financial area 

In this domain, a case based system [12] was built for inexperienced staffs. With a 

conventional way, it provides suggestions from previous experiences in the case 

library. Also, the CBR financial tool can be combined with other professional analysis 

tools to improve the predictive capability. 

 Pedonosology 

CBR systems overcome the limitations of human estimations for those micro 

elements, because those properties should be obtained by chemical analysis. The 

commercial CBR instruments have optimistic potentials in this field. Specially, 

InfoChrom[3] is an application used in measuring soil properties. It has 10000 

samples in the case library and it is able to provide useful information about soil 

properties from similar samples.  

 Law 

The implementation of case based reasoning is quite popular in this field. The case 

library helps lawyers finding similar cases and accepting it as the evidence. Even a 

small similar point, it is useful for lawyers to stick to his standpoint and persuade the 

judge. With such advantages, some commercial systems have been developed like 

OPINE[13], HELIC-II[14] and so on.  

CBR system is appreciated by many professionals from different research fields. It is 

beneficial to develop CBR systems in some domains which have difficult process to 
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produce solutions for new problems. 

Finally, it also bears noting that CBR can be utilized as an efficient mechanism to 

support other machine learning tasks. For instance, it can be employed for evaluating 

the predictive power of feature subsets without system modeling. In [ 15] the 

performance of CBR was treated as fitness values for a GA to select most relevant 

features as inputs for complex process modeling. Later, the CBR criterion was 

combined with different search algorithms (including greedy search and A* search) 

for feature selection in construction of fuzzy knowledge-based systems [16]. 

2.2 Related Work 

2.2.1 Obtaining the weights of features 

CBR is a recent approach to solving problems. It was proposed in 1994. The idea is to 

mimic the way of human thinking, using the assumption that similar problems have 

similar solutions. So the CBR uses experiences of old problems and solutions which 

are stored in a case base. The similarity values between cases are affected by the 

feature weights[17], so the weights of features are very important. The weights of 

features reflect the influence level of the feature on similarity. The more influence a 

feature has, the larger weight should be assigned to it. 

So, one of the most important parts in CBR is to determine the optimal weights of 

features. The way proposed by Massie[18] to obtain weights of features, is a 

straightforward approach. It is based on the similarity between cases in the problem 

space and solution space to retrieve neighboring cases, and it gives an option for 

choosing the number of the nearest neighbors in feature weighting.  

An extended method of the Global Alignment Measure[19] was introduced later. The 

method can only be applied to classification problems, which means that the solution 

can only be a class, not a real value. The way to obtain the weights is to count the flips 

of the solution when the feature is sorted according to the value. The larger the flips 

number, the smaller the weight is. 

The nearest neighbors’ number can influence the weight of features, since the far 

problem case may be less relevant in the aspect of problem space. Ahn[20 ] 

introduced a method to determine a suitable number of nearest neighbors and the 

weights of features simultaneously. 



 

- 13 - 

 

Creecy and Waltz[21] introduced a probability based method to align weights of the 

features by using the classification probability and its ranking. 

2.2.2 Case retrieval and solution fusion in CBR 

With the feature weights and the similarity metric, the procedures to acquire a 

reliable solution of a new problem are quite vital in case based reasoning systems. 

They can be summarized as the case retrieval and solution fusion processes. To be 

precise, case retrieval is the step which aims at finding the most similar cases from all 

cases in the case library. Solution fusion is the process of aggregating the solutions of 

retrieved cases to create a solution for the new problem. 

In the case retrieval process, the hot issue has been focused on the criteria to choose 

similar cases. The mechanism similar cases have similar outcomes is the fundamental 

idea through the whole CBR system. The basic retrieval method based on local 

similarity metrics was introduced in [22]. It adopts the learning procedure to modify 

the initial similarity measures, in order to improve the accuracy of the retrieved 

solutions. The probability mechanism was implemented in [23], which ranks the 

cases on the basis of the relevant probability to the target problem. Hence, the most 

relevant cases are selected for retrieval. The case rank approach was presented in 

[24], which aims at adjusting feature weights by the degree about the satisfaction of 

returned solutions. In [25], the issue of feature selection is tackled in combination 

with similarity modeling to reduce the input dimensionality of CBR systems. 

Nearest neighbor algorithm is a successful retrieval method which is based upon the 

summation of degrees of feature similarity. The algorithm based on the nearest 

neighbor rule is presented in [26], which uses cross validation error as the evaluation 

function in order to get the best set of features. In [27], the similarity between the 

target case and the library cases is considered. Once the similarity value is bigger 

than a threshold value, this case is regarded as a neighboring case and thus retrieved 

for solution fusion. 

The approach implemented to achieve the solutions plays an important role in the 

solution fusion process. Various methods have been developed to improve the 

reliability of returned results. The automatic adaptation technique was discussed in 

[28] to expand the application area. The framework for adaptation knowledge and 

the information search were discussed. Besides that, the automatic learning model 
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was presented to show the performance of this framework. Considering the difference 

between classification and numerical problems, the voting scheme and the numerical 

calculation formula are introduced respectively in [27]. For the numerical problems, 

the predicted output is decided upon the solutions of the retrieved cases and their 

similarities with the target problem. Likewise, the solution of the classification 

problem depends on the voting score for each candidate class. 

In addition, the integration of fuzzy techniques with CBR has been addressed by 

some researchers. Yager[29] (1997) pointed out that there was a close connection 

between fuzzy system modeling and case based reasoning. In [ 30 ], a formal 

framework was established in which case-based inference can be implemented as a 

special type of fuzzy set-based approximate reasoning. The linguistic fuzzy rules for 

similarity assessment was addressed in [31] and [32], which provides a flexible and 

an easy-adjusted way to incorporate knowledge in form of fuzzy rules for building 

similarity models. This method is quite beneficial to get the reliable solution with the 

availability of only a small case base. 

Different solution fusion and adaptation approach may cause different solutions, and 

it is difficult to judge which method is much more reliable. In our thesis, we are 

trying to provide a method which carries out the information fusion technique to 

combine the voting results from two different feature weighting algorithms. 

Meanwhile, we implement the basic fuzzy aggregation rule, which is derived from 

fuzzy theory, in order to make the decision analysis and achieve a reliable outcome. 

3 Calculating the weights of features 

In this chapter, we will introduce the two methods to calculate the weights of features, 

and then proceed with the formulas to compute the similarity between different 

cases. 

3.1 Calculating the weights of features with Global Alignment 

We do need the feature weights [33] to determine the importance of features. So we 

need an automated way to derive the values of them. Although the expert can assign 

the feature weights for an application domain, the performance of the system will 

depend on the experience of the expert heavily. Due to the limitations of expert 

knowledge, it is much better to design algorithms to compute feature weights 
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automatically. 

As is well known, the basic principle of CBR systems is that the similar problems have 

similar solutions. Hence, the similarity between cases can be measured on the basis 

of feature weights. 

3.1.1 Choosing the nearest neighbors 

Since similar problems have similar solutions, the less relevant cases and their 

solutions may not contribute to a good result. And, the accuracy of CBR systems will 

be decreased if few similar cases are chosen, since the fewer similar cases one chooses, 

the less information one can use. So, there should be an optimal number of similar 

cases to retrieve[34]. 

It should be pointed out that the similar cases of a problem are described as the 

nearest neighbors in this thesis. We need to select the cases which have the highest 

degrees of similarity with the target problem from the case library. 

3.1.2 Calculating the weights of features on Align Massie method 

In this section, the Align Massie method to calculate the feature weights is introduced. 

Firstly, the local alignment for one feature is computed. Then, we need to sum all the 

local alignments for this feature and divide it by the number of cases, resulting in a 

global alignment degree. The weight of the feature is equal to the global alignment 

degree.  

First of all, we are of interest to define the formula to calculate the feature similarity. 

Actually, this formula is similar with the formula to compute SolSim, since we can 

treat the solution as one feature on the output dimension. To make sure that the 

similarity degrees can be between 0 and 1, the following methods are used. First, we 

calculate the maximum distance on a feature from all case pairs. Second, we calculate 

the minimum distance on the feature from all case pairs. We use the following 

formula[3] to calculate the similarity on feature i between a case a and a case b: 

 

 FeaSim Cai , Cbi  =  
Max  GapF i −GapF  Cai ,Cbi  

Max  GapF i −Min (GapF i )
  (1) 
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where, Max GapFi  is the maximum distance on a feature i from all case pairs. 

Min(GapFi) is the minimum distance on a feature i from all case pairs. GapF Cai , Cbi   

is the distance of a feature i for this case. 

As it mentioned before, the way to calculate SolSim is similar to the above. So, the 

formula[3] to calculate SolSim between cases Ca and Cb can be described as: 

 

 SolSim Ca , Cb =  
Max  GapS  −GapS  Ca ,Cb  

Max  GapS  −Min (GapS )
 (2) 

 

where, Max GapS  is the maximum distance on the solution from all case pairs. 

Min(GapS) is the minimum distance on the solution from all case pairs. GapS Ca , Cb  

is the distance of the solution for this case. 

Assuming that there is a new case Cj , the function[3] of computing its local 

alignment of a feature i is defined as: 

 

 MassieLocal Fi =  
 FeaSim  Cki ,C ji  ∗ SolSim  Ck ,C j k∈NNB  Cj 

 FeaSim  Cki ,C ji  k∈NNB  Cj 

  (3) 

 

where, FeaSim Cki , Cji  is the similarity between the feature i of the new case Cj 

and the feature i of its similar case Ck . SolSim Ck , Cj  is the similarity between the 

solution of the new case Cj and the solution of its similar case Ck. 

Since we have calculated the local alignment for every case by the above formula, 

then the global alignment degree for the case base can be computed. The global 

alignment degree is the average of local alignment degrees among all cases. The 

formula[3] is described as:  

 

 MassieGlobal Fi =  
 MassieLocal  F j j∈CB

NNB
  (4) 

 

where, MassieLocal Fi  is the local alignment of a feature i. MassieGlobal Fi  is the 
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global alignment degree of a feature i. NNB is the defined number of nearest 

neighbors. 

The weight of a feature i is equal to the global alignment degree of a feature i. So, the 

formula[3] is given by 

 

  wi = MassieGlobal CB   (5) 

 

3.1.3 Measuring the similarity 

The case base has 3 spaces which are problem space, feature space and solution space, 

and every of them should receive a suitable similarity function to compare entities of 

them. There are three kinds of similarities in CBR systems, the first one is ProSim, 

which represents the problem similarity; the second one is FeaSim, which represents 

the feature similarity; the third one is SolSim, which represents the solution 

similarity. 

In this section, it is assumed that we have already obtained the weights of features for 

the underlying problem, and we need to compute similarity between 2 cases which 

are Ca  and Cb . The similarity between 2 cases can be obtained [3] as follows: 

 

 ProSim Ca , Cb =   wi ∗
m
i=1 FeaSim Cai , Cbi   (6) 

 

where, wi is the weights of the feature i, m is the known number of features of this 

problem. FeaSim Cai , Cbi   is the similarity between the feature i of the case Ca  and 

the case Cb . 

3.2 Calculating the weights of features with Counting Flip method 

The types of the solution of a CBR system are different. Generally, there are 2 types, 

one is the real value type, and the other one is the classification type. The method 

described in section 3.1 can be applied to both types, while the Counting Flip method 

can be only applied to the classification type. 
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The main idea of the Counting Flip method is that the solution should be changed 

with the change of the feature if the value of this feature weight is high. To measure 

the weight of one feature, we sort the cases according to the values of the feature, and 

then count the flips of the result. If the value of the feature weight is high, the number 

of flips should be low. 

3.2.1 Measuring the flips 

The kernel of this method is to measure the flips. The flip refers to the change of the 

classification type. Considering a simple classification problem, the solution is Y or N. 

The flip is the change from Y to N, or vice versa. If the sequence of solutions is YYYN, 

the flips is one; If the sequence of solutions is YYNN, the flip is one; If the sequence of 

solutions is NNYY, the flips is one; If the sequence of solutions is YYNY or YNYY or 

NNYN, the flips is two; If the sequence of solutions is YNYN or NYNY, the flips is 

three. 

There are two main steps to measure the flips of a feature i. Firstly, we need to sort 

the cases according the specific value of this feature in the ascending order. Secondly, 

we can count the number of flips of the solution in the ordered sequence. 

3.2.2 Calculating the feature weights 

To calculate the feature weights, we need the maximal switch times and the minimum 

switch times. If there are n cases in the case library, MaxSwis is equal to n − 1. The 

MinSwis is easier to calculate. When the number of solutions is k, the sequence of 

solutions should contain k different types. The minimum change occurs in the 

scenario which cases with the same solution stay together. So, MinSwis is equal to 

k − 1. 

This method is an extension of the Global Alignment Measure for the classification 

issues. For every feature i, the formula[3] to determine the feature weight is given by: 

 

 wi = log(
MaxSwis −MinSwis

Swis − MiSwis
)  (7) 

 

where, Swis is the switch time of this feature i. 
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The formula (7) is repeated for all features to obtain their feature weights. 

4 Combining different feature weighting methods 

The discussion in this chapter assumes a set of n library cases with k features and one 

solution is expressed as: 

 C1
1 , C1

2 ,… , C1
k , S1  

 C2
1 , C2

2 ,… , C2
k , S2  

… 

 Cn
1 , Cn

2 ,… , Cn
k , Sn  

where, 1 2,C ,..., , {1,2,..., }K

i i iC C i n are the feature values of every case, Si , i ∈

{1,2,… , n}  is the solution of every case. In this thesis, we only consider the 

classification cases. Hence, the symbol Si refers to a certain value here. Based on the 

discussion in chapter 3, the weights of features can be calculated. In addition, the 

similarities between two different cases can be computed according to the formulas 

in section 3.1. 

In the following, the main processes required to propose a solution for a new problem 

will be depicted. Firstly, the case retrieval process will be executed to search for the 

similar cases of the target problem P from the case library. Secondly, the case 

adaptation process will be executed. In other words, the solution of the new problem 

P will be elected by the number of votes for different candidate labels[35]. And, the 

label with the most votes will be regarded as the solution for this new problem P. 

Finally, the fusion procedure will be executed to combine the different number of 

votes for every label caused by the two different algorithms to derive feature weights. 

Furthermore, this fusion process is implemented to compute the most votes by a 

disjunctive combination rule. 

4.1 Case retrieval 

In case based reasoning system, the fundamental methodology refers to seek for the 

appropriate solution for a new problem based on its similar cases. Apparently, the 

algorithm about obtaining the similar cases plays an important role in a CBR process. 

Hence, this section deals with the retrieval algorithm for selecting similar cases for a 

target problem. 
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The method adopted in this thesis work is inspired from [27]. It aims at picking the 

neighbor cases of the new problem from the case library. Then, the voting procedure 

can be carried out on the basis of these relevant cases. Generally, it is beneficial to 

reduce the computation cost and keep the accuracy of voting solutions by leaving the 

irrelevant cases out of consideration. 

As the discussions in chapter 3, the feature weights and the similarity metric between 

the target problem and all the cases in the case library can be computed. With these 

results, we are interested to obtain the similar cases for this target problem. The 

method implemented in this thesis is to sort the similarity metric in a descending 

order. The cases which have higher similarities will be marked with a lower index. 

Here, the selected neighbor cases are presented as:  

 

 R =  C ∈ CB|IndexSL (C) ≤ k   (8) 

 

where, R is the gather set of retrieved similar cases for a new problem P. IndexSL (C) 

refers to the corresponding index of cases in this sorted metric. The parameter k is 

the threshold to choose nearest neighbors[36]. That is to say, the number of 

neighbors depends on the value of k. CB refers to the case library. 

If the index of a case in this sorted metric is smaller than k, it would be selected as the 

neighbor case of the target problem P. Otherwise, it will be regarded as the irrelevant 

case of this target problem. Obviously, the different values of k may produce a 

different solution for a new problem. Hence, we are going to illustrate the influence of 

the value of k on the voting accuracy in the following chapter. 

4.2 Case adaptation 

In order to acquire an appropriate solution for a new problem, the process called case 

adaptation should be performed. It aims at producing a suitable solution based on 

the information from the relevant cases. It is important to note that the classification 

problems are discussed in this thesis. So, labels are used to represent different 

solutions instead of numerical values.  

The voting score for a candidate label αk  is calculated by the following rule 
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 VS αk =   
sim P, Ci , if Si = αk

0, otherwise
 

C i∈R   (9) 

 

where, the parameter αk  refers to a solution label. VS(αk) represents the voting 

result for this label αk , R is the set of retrieved cases, Ci is one of the similar cases 

and sim(P, Ci) refers to the similairity between the target problem P and the similar 

case Ci.  

If the solution label of the similar case Ci happens to be the label αk , then sim(P, Ci) 

is added to VS(αk ). Otherwise, zero is added to VS(αk ). The sum from all the similar 

cases is regarded as the voting scores for this label αk . Similarly, all candidate labels 

will get the corresponding voting scores. The label which has the highest voting value 

will be selected as the appropriate solution for this target problem P, e.g. 

 

 S = arg maxVS αk , k = 1,2,… , m  (10) 

 

where, m is the number of labels. 

The number of similar cases and the value of sim(P, Ci) may affect the voting result. 

At the same time, the value of sim(P, Ci) is determined by the feature weights. As a 

matter of fact, the solution of a new problem is determined by the calculated feature 

weights and the numbers of nearest neighbors. 

We have introduced two different methods for measuring feature weights in the 

above chapter. Obviously, the proposed solution may be different by implementing 

these two different algorithms. In this thesis, we are aimed at exploring a much more 

reliable method to achieve a suitable solution. Hence, we are going to introduce the 

fusion technique which is used to produce a solution by combining the different 

feature weighting methods. 

4.3 Combining feature weighting methods 

Generally, the fusion technique can be regarded as a specific method to seek the most 

suitable candidate from many information sources. It has been applied in many areas, 
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such as defense research, wireless networks, data mining and so on. Moreover, the 

benefits of fusion techniques are remarkable, like the increasing accuracy and 

dimensionality. The fundamental structure about the fusion technique contains the 

information sources and the predictive model. 

In this thesis, we have two different ways to measure the feature weights, which may 

lead to the different possibility distributions in the voting procedure. It means we 

have two CBR systems which will produce two different possibility distributions for 

the candidate labels of a target problem. Hence, a fusion method is implemented to 

combine the different voting results. This method is a disjunctive combination of the 

possibility degrees from two different CBR systems. 

T-conorms are designed for the disjunctive combination in the fuzzy set theory[37]. 

Here, we implement this t-conorm operator as ⊕  a, b = a + b − a ∗ b to compute 

the final possibility degree for every output label. The important thing to mention is 

that the value of the parameter a and the parameter b in this t-conorm operator is 

between 0 and 1.  

As a consequence, it is of interest to set the voting scores of all candidate labels 

between 0 and 1. Here, we introduce the normalization method and the formula is 

given by 

 

    VS1′ αk =
VS 1(αk )

 VS 1(α j )m
j=1

  (11) 

 VS2′ αk =
VS 2(αk )

 VS 2(α j )m
j =1

  (12) 

 

where, m is the number of labels, VS1(αk ) is the voting result of the label αk  by the 

alignment feature weighting method, and VS2(αk ) is the voting result achieved by 

the counting flip feature weighting method. VS1′(αk )  and VS2′(αk )  are the 

corresponding matrix achieved by the normalization method. VS1′(αk )  and 

VS2′(αk ) can be considered as the degrees of possibility for a label obtained from the 

two different sets of weights.  

On the basis of the above formulas, the possibility metric can be achieved by using 

the t-conorm operator. The formula is then depicted as 
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 Poss(αk ) = VS1′(αk ) + VS2′(αk ) − VS1′(αk ) ∗ VS2′(αk)  (13) 

 

where, Poss(αk ) is the derived final possibility value by fusing the results from two 

different feature weighting methods.  

Then, the label receiving the highest voting scores will be chosen as the most 

appropriate solution for this target problem P, i.e. 

 

 S = arg maxPoss αk , k = 1,2,… , m  (14) 

 

5 Analysis of tests 

The procedure of experiments is carried out on three databases by MATLAB toolbox. 

The number of samples, features and result classes is different in every database. 

Especially, these different types of databases are given as follows: 

1 IRIS DATA with 150 samples, 4 features and 3 result classes; 

2 Breast Cancer DATA with 683 samples, 9 features and 2 result classes; 

3 Prima DATA with 768 samples, 8 features and 2 result classes; 

In order to compare the different feature weighting algorithms and present the 

validity of the fusion technique, we are going to present the accuracy of voting results 

by the three methods introduced in this thesis. These different methods in our figures 

are respectively called as follows: 

1 Accuracy_alignMassie represents the Align Massie method; 

2 Accuracy_flips represents the Counting Flip method; 

3 Accuracy_fusion represents the Fusion method; 

For every database, it is divided into two parts, one is treated as the case library and 

the other is for the testing. Therefore, the influence of the density of the case library is 

considered in this thesis. We adopt two different ways to divide every database.  



 

- 24 - 

 

First of all, the thick case library and the sparse testing base are executed. 

Considering the accuracy of voting results may be affected by the distribution of 

solutions, we decide to divide the database into 5 parts. Specially, we select 1/5 

samples from the database as our testing base, the rest is regarded as the case library. 

To test all the cases in this database, we will repeat this procedure by 5 times and we 

select a different case library and testing base every time.  

Last but not least, we will choose the sparse case library and the thick testing base. 

The concrete executing steps are performed as described above. 

5.1 Test on IRIS database 

The IRIS DATA has 150 samples, 4 features and 3 result classes. Every case in this 

database is marked from 1 to 150. As it mentioned above, this database is divided into 

30 samples and 120 samples respectively. And, the following is the details about how 

we choose the case library and the testing base for IRIS DATA. 

 Thick case library and sparse testing base 

In this condition, the amount of samples in case library is about 120 and the amount 

of samples in testing base is about 30. The cases marked from 1 to 30, 30 to 60, 60 to 

90, 90 to 120 and 120 to 150 will be treated as the testing base respectively, while the 

rest samples are treated as the case library.  

 Sparse case library and thick testing base 

On the contrary to the above method, the amount of samples in case library is about 

30 and the amount of samples in testing base is about 120. The cases marked from 30 

to 150, 1 to 30 and 60 to 150, 1 to 60 and 90 to 150, 1 to 90 and 120 to 150, and 1 to 

120 will be treated as the testing base respectively, while the rest samples are treated 

as the case library.  

For the specific purpose of our thesis, we present the simulation results by the 3 

algorithms with the following figures and tables. One thing to mention is that the 

values in Figure 1 and Figure 2 are the summation of the results from 5 testing steps. 
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Figure 2 Accuracy of dense case library by different methods 

 

 

Figure 3 Accuracy of sparse case library by different methods 

Fig. 2 and Fig. 3 show the accuracy achieved by the Counting Flip method is highest, 

and the accuracy achieved by the Fusion is equal to the highest value when the 

number of neighbors is 9, 11, 13 and 15. 
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Table 1 The numbers of right classifications on dense case library 

The number of 

nearest neighbors 
Align Massie Counting Flip Fusion 

1 141 142 141 

3 142 142 142 

5 142 143 142 

7 142 143 142 

9 142 143 143 

11 142 143 143 

13 143 143 143 

15 143 143 143 

17 143 143 143 

19 143 144 143 

 

Table 2 The numbers of right classifications on sparse case library 

The number of 

nearest neighbors 
Align Massie Counting Flip Fusion 

1 558 569 564 

3 557 567 563 

5 562 568 563 

7 563 565 564 

9 562 565 563 
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11 557 567 565 

13 549 565 561 

15 546 562 560 

17 528 561 552 

19 540 568 567 

 

Table 1 and Table 2 shows the accuracy of every method depends on the number of 

neighbors regardless of the density of case library.  

Table 3 Accuracy of dense case library by different methods, neighbors and parts 

 nnb part1 part2 part3 part4 part5 

Align Massie 1 96.67% 96.67% 96.67% 90.00% 90.00% 

7 96.67% 96.67% 93.33% 93.33% 93.33% 

13 96.67% 96.67% 96.67% 93.33% 93.33% 

19 96.67% 96.67% 96.67% 93.33% 93.33% 

Counting Flip 1 96.67% 96.67% 93.33% 90.00% 96.67% 

7 96.67% 96.67% 96.67% 93.33% 93.33% 

13 96.67% 96.67% 96.67% 93.33% 93.33% 

19 96.67% 96.67% 96.67% 96.67% 93.33% 

Fusion 1 96.67% 96.67% 93.33% 90.00% 93.33% 

7 96.67% 96.67% 93.33% 93.33% 93.33% 

13 96.67% 96.67% 96.67% 93.33% 93.33% 

19 96.67% 96.67% 96.67% 93.33% 93.33% 
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Table 4 Accuracy of sparse case library by different methods, neighbors and parts 

 nnb part1 part2 part3 part4 part5 

Align Massie 1 88.33% 95.83% 93.33% 94.17% 93.33% 

7 89.17% 96.67% 95.83% 95.83% 91.67% 

13 85.00% 93.33% 94.17% 96.67% 88.33% 

19 92.50% 90.00% 87.50% 92.50% 87.50% 

Counting Flip 1 92.50% 95.83% 95.83% 95.00% 95.00% 

7 93.33% 94.17% 95.00% 95.83% 92.50% 

13 92.50% 95.00% 95.83% 95.83% 91.67% 

19 96.67% 95.83% 95.83% 96.67% 88.33% 

Fusion 1 91.67% 95.00% 94.17% 95.00% 94.17% 

7 91.67% 94.17% 95.83% 95.83% 92.50% 

13 89.17% 95.00% 95.83% 95.83% 91.67% 

19 95.83% 95.83% 95.83% 96.67% 88.33% 

 

In Table 3 and Table 4, it shows the accuracy is affected by the different testing parts. 

Moreover, the fusion method achieves the best performance than the other methods 

because its accuracy hardly achieves the lowest value. Then, the effect of the density 

on fusion method would be depicted by the following figure. 
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Figure 4 the accuracy by fusion method 

In Fig.4, it shows the number of neighbors and the density of case library affect the 

result. Moreover, the big size case library benefits CBR performance a lot. The 

accuracy of dense case library is always bigger than that in the sparse case base, 

regardless the number of nearest neighbors’ number. 

5.2 Test on Breast Cancer database 

This Breast Cancer DATA has 683 samples, 9 features and 2 result classes. Every case 

in this database is marked from 1 to 683. As it mentioned above, this database is 

divided into 137 samples and 546 samples respectively. And, the following is the 

details about how we choose the case library and the testing base for IRIS DATA. 

 Thick case library and sparse testing base 

In this condition, the amount of samples in case library is about 546 and the amount 

of samples in testing base is about 137. The cases marked from 1 to 137, 138 to 273, 

274 to 410, 411 to 546 and 547 to 683 will be treated as the testing base respectively, 

while the rest samples are treated as the case library.  

 Sparse case library and thick testing base 

On the contrary to the above method, the amount of samples in case library is about 

137 and the amount of samples in testing base is about 546. The cases marked from 

138 to 683, 1 to 137 and 274 to 683, 1 to 273 and 411 to 683, 1 to 410 and 547 to 683, 

and 1 to 546 will be treated as the testing base respectively, while the rest samples are 
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treated as the case library.  

For the specific purpose of our thesis, we present the simulation results by the 3 

algorithms with the following figures and tables. One thing to mention is that the 

values in Figure 5 and Figure 6 are the summation of the results from 5 testing steps. 

 

Figure 5 Accuracy of dense case library by different methods 

 

 

Figure 6 Accuracy of sparse case library by different methods 

Fig.5 and Fig.6 show that the accuracy achieved by the fusion method is always much 

more stable than the other two methods. In Fig.5, the accuracy achieved by the 

Counting Flip method is lowest when the number of neighbors is 1 and 13 and the 

accuracy achieved by the Align Massie method is lowest when the number of 

neighbor is 9 and 11. However, the accuracy achieved by the Fusion method is always 

higher than both of them. In Fig.6, the accuracy achieved by the Fusion method is 
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highest when the number of neighbors is from 1 to 13. The accuracy achieved by the 

Fusion method owns the middle value when the number of neighbors is bigger than 

13. To be more visual, the numbers of right testing cases will be presented in the 

following tables. 

Table5 The numbers of right classifications on dense casebase 

The number of 

nearest neighbors 

Align Massie Counting Flip Fusion 

1 657 654 657 

3 658 657 657 

5 658 656 656 

7 658 656 657 

9 655 657 656 

11 655 658 657 

13 656 654 656 

15 656 655 655 

17 655 654 654 

19 656 655 655 

 

Table6 The numbers of right classifications on sparse casebase 

The number of 

nearest neighbors 

Align Massie Counting Flip Fusion  

1 2619 2602 2620 

3 2621 2619 2622 

5 2618 2612 2622 

7 2610 2611 2617 

9 2610 2604 2610 

11 2603 2599 2606 
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13 2604 2589 2605 

15 2599 2582 2597 

17 2600 2577 2595 

19 2595 2575 2585 

 

Table 5 shows the results for 683 testing cases, while Table 6 shows the results for 

2732 testing cases. Comparing the results in Table 5 and Table 6, it is obvious that the 

accuracy of every method depends on the number of neighbors. If we only talk about 

the Align Massie method and the Counting Flip method, the Align Massie method is 

more accurate in most pairs. But it is not inevitable. For the Fusion method, although 

it does not achieve the highest value among them, it can be regarded as the most 

stable method because it hardly gets the lowest value, it only gets the lowest value 

when the number of neighbors is equal to 15 in Table 6.  

Table 7 Accuracy of dense casebase by different methods, neighbors and parts 

 nnb Part 1 Part 2 Part 3 Part 4 Part 5 

Align Massie 1 95.62% 94.85% 98.54% 99.26% 92.70% 

7 95.62% 94.12% 97.81% 100.00% 94.16% 

13 96.35% 94.12% 97.81% 100.00% 91.97% 

19 96.35% 94.12% 97.81% 100.00% 91.97% 

Counting 

Flip 

1 95.62% 94.12% 97.08% 100.00% 91.97% 

7 95.62% 94.12% 97.08% 100.00% 93.43% 

13 96.35% 93.38% 97.81% 100.00% 91.24% 

19 96.35% 93.38% 97.81% 100.00% 91.97% 

Fusion 1 95.62% 94.85% 97.81% 100.00% 92.70% 

7 95.62% 94.12% 97.08% 100.00% 94.16% 

13 96.35% 94.12% 97.81% 100.00% 91.97% 

19 96.35% 93.38% 97.81% 100.00% 91.97% 

 



 

- 33 - 

 

Table 8 Accuracy of sparse case library by different methods, neighbors and parts 

 nnb part 1 part 2 part 3 part 4 part 5 

Align 

Massie 

1 96.34% 96.34% 95.60% 94.15% 96.89% 

7 95.97% 96.53% 94.51% 93.97% 96.70% 

13 95.42% 96.71% 94.51% 93.42% 96.52% 

19 95.05% 95.98% 94.51% 92.87% 96.52% 

Counting 

Flip 

1 95.05% 96.34% 95.05% 93.24% 96.52% 

7 95.79% 96.53% 94.69% 94.33% 96.52% 

13 95.79% 96.16% 92.67% 92.69% 96.52% 

19 95.60% 95.80% 91.94% 91.41% 96.52% 

Fusion 1 96.15% 96.34% 95.79% 94.70% 96.52% 

7 96.15% 96.53% 95.05% 94.33% 96.89% 

13 95.97% 96.53% 94.14% 93.60% 96.52% 

19 95.42% 95.80% 93.59% 91.77% 96.52% 

 

Comparing the values in Table 7 and Table 8, the accuracy is quite similar for the 

same testing part and the same neighbor amounts. Also, it is apparent that the 

change of accuracy among different testing parts is more remarkable. Generally, it is 

checked that the accuracy depends on the test part we chose.  

For the analysis above, it is sure that the accuracy is influenced by testing parts. And, 

the fusion method is more stable than the other two algorithms. Then, the effect of 

the density on fusion method would be depicted by the following figure. 
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Figure 7 the accuracy by Fusion method 

In Fig.7, the values are collected from the Fusion method, and the values are the 

summation of different testing parts with the same testing neighbor. It shows the 

number of neighbors affect the result. Moreover, it is obvious that the accuracy in 

thick case library is always higher than it in sparse case library.  

In all, these values show the quantity of neighbors affect the accuracy no matter 

which algorithms we choose. Also, the accuracy in different testing part is different. 

Furthermore, we conclude that the accuracy is more stable by Fusion method. And, 

the accuracy is more desirable by this method in thick case library. 

5.3 Test on Pirma database 

This Pirma DATA has 768 samples, 8 features and 2 result classes. Every case in this 

database is marked from 1 to 768. As mentioned before, we need to divide this 

database into five parts to obtain weight of features and check the performance of the 

CBR system. The case index of part1 to part5 is 1 to 154, 155 to 308, 309 to 462, 463 

to 615 and 616 to 768. The case number of five parts is not equal, but they are almost 

the same. The number of cases in every part is 153 or 154. And, the following is the 

details about how we choose the case library and the testing base for Pirma DATA. 

 Thick case library and sparse testing base 

In this condition, the amount of samples in case library is about 614 and the amount 

of samples in testing base is about 154. Part 1, Part 2, Part 3, Part 4 and Part 5 will be 

treated as the testing base respectively, while the rest parts are treated as the case 

library.  
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 Sparse case library and thick testing base 

On the contrary to the above method, the amount of samples in case library is about 

154 and the amount of samples in testing base is about 614. Part 1, Part 2, Part 3, Part 

4 and Part 5 will be treated as the case library respectively, while the rest parts are 

treated as the testing case.  

The following figures show the summation of the results from 5 testing steps. 

 

Figure 8 Accuracy of dense case base by different methods  

 

Figure 9 Accuracy of sparse case base by different methods  

As we can see from Fig.8 and Fig.9, Align Massie method and Counting Flip method 
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has different advantage when the numbers of nearest neighbors are different. The 

Fusion method has the best performance on dense case library. The accuracy of 

Fusion method is 75.91% where the number of nearest neighbors is 15. It is higher 

than the accuracy (75.39%) of Align Massie method and the accuracy (75.78%) of 

Counting Flip method. We can also see the result form Table 9. 

Table 9 The numbers of right classification on dense case library 

The number of 

nearest neighbors 
Align Massie Counting Flip Fusion 

1 542 538 538 

3 555 549 552 

5 561 569 568 

7 563 566 566 

9 565 572 571 

11 576 578 579 

13 577 582 579 

15 579 578 583 

17 574 576 576 

19 579 576 578 

 

Table 10 The numbers of right classification on sparse case library 

The number of 

nearest neighbors 
Align Massie Counting Flip Fusion 

1 2105 2106 2096 

3 2164 2167 2169 
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5 2225 2225 2222 

7 2220 2228 2228 

9 2208 2232 2218 

11 2217 2227 2237 

13 2220 2231 2228 

15 2219 2228 2223 

17 2221 2215 2216 

19 2225 2223 2227 

 

Table 9 and Table 10 show that the accuracy of every method depends on the number 

of neighbors. The accuracy by the Fusion method never gets the lowest value in Table 

9, and it only gets the lowest value twice in Table 10. Hence, the Fusion method can 

be regarded as the most stable method. 

 

Table 11 Accuracy of dense case library by different methods, neighbors and parts 

 nnb part1 part2 part3 part4 part5 

Align Massie 1 74.68% 66.88% 70.13% 70.59% 70.59% 

7 74.03% 68.83% 74.68% 77.12% 71.90% 

13 74.03% 68.18% 77.92% 81.05% 74.51% 

19 76.62% 66.88% 74.68% 81.05% 77.78% 

Counting Flip 1 74.68% 65.58% 70.13% 70.59% 69.28% 

7 74.68% 68.83% 73.38% 79.74% 71.90% 

13 76.62% 70.13% 77.27% 79.74% 75.16% 
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19 76.62% 67.53% 75.32% 80.39% 75.16% 

Fusion 1 74.03% 66.88% 69.48% 69.28% 70.59% 

7 74.68% 68.83% 74.68% 77.78% 72.55% 

13 75.32% 69.48% 77.27% 81.05% 73.86% 

19 76.62% 66.88% 74.68% 81.05% 77.12% 

 

Table 12 Accuracy of sparse case library by different methods, neighbors and parts  

 nnb part1 part2 part3 part4 part5 

Align Massie 1 54.04% 68.24% 66.61% 70.73% 69.43% 

7 71.17% 74.92% 72.48% 68.62% 74.15% 

13 73.45% 74.27% 73.94% 67.64% 72.03% 

19 71.17% 76.38% 75.08% 68.13% 71.38% 

Counting 

Flip 

1 53.78% 68.24% 66.61% 71.71% 68.94% 

7 71.50% 76.06% 70.85% 70.08% 74.15% 

13 72.48% 74.76% 74.76% 68.62% 72.52% 

19 71.99% 76.55% 74.10% 67.15% 72.03% 

Fusion 1 54.04% 67.26% 65.64% 71.22% 69.43% 

7 71.66% 75.08% 71.99% 69.76% 74.15% 

13 72.48% 74.59% 74.59% 68.13% 72.85% 

19 71.17% 76.71% 74.92% 67.97% 71.71% 

 

Table 11 and Table 12 show the accuracy of different parts is different. And, the 
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accuracy by the fusion method is more stable than the other two methods. Next, the 

effect of the case library’s density on fusion method would be depicted by the 

following figure.  

 

 

Figure 10 Accuracy by fusion method 

In Fig.10, it shows the number of neighbors and the density of case library affect the 

result. Moreover, it is obvious that the accuracy in dense case library is always higher 

than that in sparse case library, e.g. the accuracy of dense case library is 70%, while 

the accuracy of sparse case library is 65% when the number of neighbor is 1.  
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6 Conclusions 

Case based reasoning solves new problems based on previous experiences. The 

mechanism of it is that similar problems have similar solutions. CBR system 

moderates the process of obtain knowledge because previous information are utilized 

directly. It only considers the similar cases and the corresponding solutions when 

solving a new problem. 

The meaning of similarity plays an important role in CBR systems. It reflects the 

relations between the target problem and cases in case library. It is utilized to retrieve 

useful cases for a new issue. The similarity metric is calculated based on the feature 

weights in this thesis work.  

There are two methods to calculate the feature weights, one is called ‘Align Massie’, 

and the other is named ‘Counting Flips’. The basic idea of ‘Align Massie’ method is 

that features which affect more to the global alignment would have higher weights. 

This method can be implemented in both classification problems and regression 

fields. The Counting Flip method is applicable only in classification problems. The 

fundamental idea is that sorting the feature values and judge whether the solutions of 

neighbor cases belong to the same label. The bigger is the switches of this feature, the 

smaller is the feature weights. Particularly, we test the functionality of these two 

methods on three different databases. The effects of the two methods vary a lot in 

different databases with different chosen neighbor quantities.  

The main contribution of this thesis is the proposal of a fusion method to combine 

the weights of features obtained from the two different methods. This principle is 

inspired from the T-conorm operator for disjunctive combination used in fuzzy logic 

theory. The significances of this fusion approach are two-fold. First, this fusion 

method increases the performance of CBR. It obtains a much more stable 

performance than the other two methods. Secondly, this approach is generic. It can 

be applied to fuse with multiple feature weighting methods, including weights 

defined by experts. We believe with more methods included, the fusion method in our 

CBR systems can create even better performance than the results from any single 

approach. 
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7 Future work 

Because of the limited time for this thesis work, some further research has not started 

and some details have not been discussed in this period. Similarly, more experiments 

can be carried out for more accurate results. Generally, we can improve this thesis by 

more precise research, and our conclusions about this fusion method are not 

comprehensive. 

In this thesis, we adopt a T-conorm operator as our fusion technique in the voting 

procedure. Similarly, we can apply the fusion technique in the process of calculating 

feature weights. It can be executed by the following steps. First of all, we need to 

normalize the array of feature weights. It is because the values in T-conorm operator 

should be between 0 and 1. As it mentioned before, there are two different algorithms 

to calculate the feature weights. Hence, both arrays of feature weights should be 

normalized. Secondly, a T-conorm operator is adopted to calculate the feature 

weights. So, a fused array can be achieved and the corresponding similarity matrix 

can be produced. Thirdly, we can carry out the voting procedure based on the 

similarity matrix. The solution with the highest voting value will be regarded as the 

final solution for a new problem. In all, the accuracy of this new fusion method 

should be different from the one implemented in this thesis. 

The other improvement could be that we can consider another algorithm for 

measuring feature weights. It can be implemented in actual value problems, not only 

in classification problems. The algorithms in [2] can be discussed firstly. Moreover, 

another fusion operator can be executed to compare with the one adopted in this 

thesis. However, it should take more time to complete these ideas, including the 

programming part and the experiments. 

Last but not least, the process of experiments can also be improved. As it mentioned 

above, we have three databases for experiments, which are called ‘IRIS DATA’, 

‘Breast Cancer DATA’ and ‘Prima DATA’. So, more databases can be discussed for 

more precise results. In addition, more pairs about the nearest neighbors could be 

discussed. Also, another way to divide the database can be considered. With these 

efforts, this thesis work can be more exhaustive and the conclusions about the fusion 

method should be more convincing. 
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