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CHAPTER I 
INTRODUCTION

1.1 Motivation and literature surveys 

Nowadays, classification in data mining is the essential tool for building up 
models based on the corresponding historical data. Many classification techniques 
have been proposed. All of those techniques mainly focus to predict as accurate 
as possible. 

The main idea of classification is using a classifier to assign new unknown 
instances to one or more classes which are already defined in the dataset, for 
examples, classifying credit card transactions as legitimate or fraudulent [1], 
identifying loan applications as low, medium, or high credit risks [2], classifying 
tumor cells [3] as benign or malignant, categorizing news [4] as finance, weather, 
entertainment, sport, etc. The term of classifier sometimes refer to the mapper 
that maps an instance to a class. Most existing classifiers are built based on the 
values of the properties of instance which are known as attributes. The 
measurement scales of these properties can be mixed between nominal, ordinal, 
interval, as well as ratio. 

The classification consists of two processes including a learning step, and a 
predictive step as shown in Figure 1. First, the dataset is separated into two sets. 
One is the training set and another is the test set. In the learning step, the training 
set is used to construct the classifier. There are many types of classifiers such as 
rule-based classifier, decision tree, nearest-neighbor classifier which represent the 
patterns in order to classify an unknown instance. In the predictive step, the 
outcome model from the first step will be used. To match the goal of 
classification that the classifier needs to classify unknown instance as accurate as 
possible. Examples of measurements are accuracy, precision, recall, F-measure. 
For a concrete example, in a decision tree, an instance will be tested with the 
condition from the root node and follow the appropriate branch based on the 
outcome of the test. The instance is repeatedly tested with internal nodes until it 
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reaches the leaf node. The class label of the instance is associated with that leaf 
node. 

 

 

Figure 1 The steps of classification 

Decision tree induction is one of the classic techniques and it has been widely 
used for many classification problems such as Impedance fault detection [5], 
cancer diagnosis [6], etc. In learning step, a decision tree generally uses a greedy 
strategy to select the best splitting attribute from all candidates by using an 
information measure and creates a node with the selected attribute. This attribute 
is also used to partition the dataset into subsets. Each subset is applied 
recursively until it meets the terminal criteria such as all instances in the same 
subset having the same class. 

ID3 [7] was proposed by J. R. Quinlan, for discrete attributes. Afterward, other 
algorithms including C4.5 [8] were developed to work with both discrete and 
continuous attributes. Many researchers proposed the improvement of the 
decision tree such as optimizing the attribute selection. However, most 
researchers focus on selecting a single attribute to split dataset by measuring the 
information gain. Some datasets contain attributes that are correlated to one 
another. They can be used together for building a more accurate decision tree. 

PCA-based [9] method is proposed by I. J. Jolliffe which can be used to reduce 
attributes of a dataset. It can be applied during the data preparation process 

Training 
set 

Test  
set 

Learn 

Apply 
Model 
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before the dataset is used by decision tree algorithms such as ID3, C4.5. Although, 
it increases relative performances and helps reduce number of attributes, the 
extra time is required to calculate the eigenvalues and eigenvectors. Moreover, W. 
Sun et al [10] has shown that even if PCA reduced 18 attributes to 6 eigenvectors 
but the total accuracy did not improve significantly. 

The concept of simultaneous attributes has been proposed by K. 
Sinapiromsaran et al [11] called “the multi-attributed frame” and it has been 
applied in the network intrusion detection system. A core vector is built from the 
farthest instances in the dataset. Instances in the dataset are partitioned into three 
regions: left region, middle region, and right region. As the results, the 
performances were shown to detect more malicious accesses. However, this 
algorithm ignores the discrete attribute. This could make the classifier lose some 
important information. 

Our experiments use C4.5 model and also the other classifiers including: k 
nearest neighbor, naïve Bayes, support vector machine, and logistic regression 
compare with our model. 

 K nearest neighbor 
In k nearest neighbor [12], all data instances are kept in training set correspond 

to points in the n-dimensional space where n is the number of attributes. Given a 
test instance, the algorithm finds distances to all instances in training set by a 
distance measure which is usually Euclidean distance. Then, it obtains the k 
instances closet to the test instance where k is the user-defined value. Once 
nearest instances are listed, the test instance is classified based on majority class 
of its nearest instances.  In Figure 2, k is equal to 1 with the negative instance as a 
neighbor. Therefore, the instance is classified as the negative class. In Figure 3, k is 
equal to 3; its nearest list contains two positive instances and one negative 
instance. By the majority voting, this test instance is classified as the positive class. 
In case of the test instance cannot be classified by a majority vote, the algorithm 
randomly classifies the test instance. 
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Figure 2 1-nearest neighbor from the given dataset 

 

 

Figure 3 3-nearest neighbor from the same dataset 

 

 Naïve Bayes 
A naïve Bayes classifier [13] uses probabilistic and statistic concepts based on 

Bayes theorem by assuming all attributes of the dataset are conditionally 
independent. Due to the use of probability, this classifier is robust to isolated 
noise instances. Besides, the classifier can handle missing values while building a 
model or classifying an instance 

 

 Support vector machine 
A support vector machine or SVM [14] is a classifier which uses a hyperplane 

to linearly separate between two classes of the dataset with the largest margin. 
Since it needs to maximize margin of hyperplane or known as the maximum-
margin hyperplane, it is considered as an optimization problem. When the classes 
cannot be separated linearly, there is a way known as nonlinear SVM to separate 
the classes by applying the kernel method to maximum-margin hyperplane. The 



5 
 

 

classifier will use a kernel function which is a function that transforms the original 
data into the higher dimension before applying the hyperplane. 

 

 Logistic regression 
A logistic regression [15] is a type of regression analysis used in statistics for 

predicting the result based on taking logistic function known as sigmoid function 
shown in Figure 4 on combination of our input attributes as equation (1) where Xi 
is a value of each attribute and wi is a coefficient weight. The formula can also be 
written as a probability distribution as shown in equation (2) which its log 
likelihood function as shown in equation (3). Unfortunately, there is no analytical 
solution for determining all weights for this formula. However, if log likelihood 
function is convex, a global maximum exists. Thus, we may find the weights by 
using gradient descent which is taking the partial derivatives of likelihood function 
with respect to the weights. 
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Figure 4 The sigmoid function 

Due to the correlation between attributes in a dataset, Quinlan’s decision tree 
may not split datasets appropriately. In our research study presented in this thesis, 
we proposed the new classifier that utilizes multiple attributes. The algorithm uses 
a lens, which is created from farthest instances, to split a dataset. In addition, a 
lens will separate the dataset exactly into two regions an inside lens region and an 
outside lens region. Then, the algorithm will continue to further split the data 
inside the lens by the new axis called core vector which is also created from the 
farthest pair. The algorithm will repeat these steps until the terminal criteria are 
met. Furthermore, the multi-attribute frame did not cover the discrete attribute 
while our algorithm can be applied to all attribute types whether they are discrete 
or continuous. 

 

1.2 Research objective  

The goal of this research is to propose a new decision tree algorithm which 
uses all attributes instead of a single attribute at a time in the partitioning steps. 
This algorithm uses the lens, created from the farthest instances, to partition the 
dataset. The performances of this algorithm are reported for accuracy, sensitivity, 
specificity, area under ROC curve (AUC), information score [16], F-measure, 
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precision, recall, brier score [17], and Matthews correlation coefficient (MCC) [18]. 
All these evaluators are used to compare with other classifiers including k nearest 
neighbor, naïve Bayes, support vector machine, and logistic regression on the UCI 
datasets. Besides, we perform paired t-test significantly indicate on our model with 
other models. 

 

1.3 Thesis overview  

The rest of the thesis is organized as follow. This thesis proposes the multi-
attributed lens and applies this algorithm to UCI datasets as well as compares 
with other previous techniques. First, we will explain the fundamental of the 
decision tree and the classification evaluation in chapter 2. Afterwards, the 
concept of extreme poles, core vector, and lens as well as the multi-attributed 
lens algorithm will be described in chapter 3. The results on the UCI classification 
datasets will be shown in chapter 4. Finally, we will summarize the outcome of 
this thesis in chapter 5. 

 



 

 

CHAPTER II 
BACKGROUND KNOWLEDGE

2.1 Decision tree 

In this section, we explain step-by-step to build a decision tree.  C4.5 
algorithm will be described for the comparison purpose. 

A decision tree classifier or classification tree is commonly used in 
classification technique. The structure of this model can be visualized as a tree as 
shown in Figure 5 generated from the breast cancer dataset. The two types of 
tumors, benign and malignant, are the class labels of this dataset. The root node 
is the first internal node of the decision tree. All internal nodes contain the test 
conditions to partition a dataset into various subsets. The edges are represented 
by one of possible outcomes of the test condition from the internal node. The 
leaf nodes are labeled by the class. The example shows that the root node 
contains the “Cell Size” test condition. If an instance has “Cell Size” less than or 
equal to 0.390, then it will go to the left node which will be tested against the 
“Bare Nuclei” condition. Otherwise, the test instance will go to the right node 
which is the leaf node that is classified as Malignant. 

 

Figure 5 An example of the decision tree 
 

Cell Size 

Bare Nuclei Malignant 

Malignant Benign 

≤ 0.390 > 0.390 

≤ 0.456 > 0.456 
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Figure 6 A general decision tree algorithm 
 
Figure 6 shows a decision tree induction algorithm. It starts with the dataset D 

that is partitioned recursively using the best split (Line 6-7) where Dv is the 
subpartition that the dataset D is split by the condition v. Then, the tree expands 
to other nodes (Line 8-10) until the stopping condition (Line 2-4) is reached. The 
StoppingCond() function will check all instances whether they are the same class 
or meet any specific conditions. The Majority() function is used to find the class of 
the leaf node by majority votes. The FindBestSplit() function is used to identify a 
splitting value by computing the information measure. For example, the 
information gain is used by ID3, the gain ratio is used by C4.5 and GINI index is 
used by CART [19]. 

 

  

1.  CreateDecisionTree(D) 
2.   if StoppingCond(D) is true then 
3.           node = LeafNode() 
4.           node.label = Majority(D) 
5.   else 
6.        node = InnerNode() 
7.       node.condition = FindBestSplit(D) 
8.        foreach Dv in D do 
9.               node.children.Add(CreateDecisionTree(Dv)) 
10.         end for 
11.   end if 
12.  return node 
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 C4.5 
ID3 is an algorithm proposed by Quinan in 1986. Unfortunately, it only works 

with discrete datasets. However, he had improved ID3 algorithm called C4.5 
algorithm in order to work with continuous datasets in 1993 and it has become a 
famous classifier. 

In order to find the best split value, the attribute that has the highest 
information gain will be selected from a pool. The information gain can be 
calculated by equation (4) where D is a dataset and V is a selected attribute and 
the entropy, which is the impurity measure, can be calculated by equation (5) 
where |C| is a number of classes, and pi is the probability of ith class in D. 
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In addition, C4.5 algorithm will use the gain ratio as the information measure 
which is the proportion between the information gain and the split information. 
The split information can be computed by equation (6) where pv is a proportion of 
instances in D with the outcome v. 

 



Vv

vvV ppDSplitInfo log)(      (6)  

The corresponding gain ratio is calculated by equation (7). 

)(

)(
)(

DSplitInfo
DInfoGainDGainRatio

V

V
V        (7)  

The illustration of the information gain and the gain ratio of C4.5 algorithm 
displays in Table 2 where the data comes from Table 1. For the continuous 
attribute, the values of the attribute “A” needs to be sorted and the middle value 
between two adjacent values will be computed. Then, it is used to partition the 
dataset into two sets: a less than or equal to the middle value set and a greater 
than the middle value set. In Table 2, the attribute “A” with the splitting value 
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equal to 5.5 will be selected as both of the information gain and the gain ratio 
have the highest score. 

 
Table 1 Example of a training dataset 
A B Class 
9 u + 
7 u + 
7 y + 
4 y - 
3 y - 

 

Table 2 Example of information measures 

 A 
B 

A=8 A=5.5 A=3.5 
Information gain 0.1185 0.6730 0.2231 0.2911 

Gain ratio 0.2368 1.0000 0.4459 0.4325 
 

The FindBestSplit() function of C4.5 algorithm shown in Figure 7 which will 
compare the best split between the best discrete attribute in Figure 8 and the 
best continuous attribute in Figure 9. 

 

 

Figure 7 Find the best split function in C4.5 algorithm 
 

1. FindBestSplit(D) 
2. bestDis = FindBestDisc(D) 
3.  bestCon = FindBestCont(D) 
4. return Max(bestDis.score, bestCon.score) 
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Figure 8 Find the best discrete attribute function in C4.5 algorithm 

 

1. FindBestDisc(D) 
2. foreach V in the possible discrete attributes in D do 
3.  for v in V do 
   Dv = { x|x is a instance where V value equal to v } 
5.  end for 
6.  score = the information score of D 
7.  if(score > maxScore) then 
8.   maxScore = score 
9.   bestAttr = V 
10.  end if 
11. end for 
12. return { attribute:bestAttr, score:maxScore } 
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Figure 9 Find the best continuous attribute function in C4.5 algorithm 

 

2.2 Performance measures 

Table 3 A confusion matrix 

 Actual Class 
+ - 

Predicted Class + TP FP 
- FN TN 

 

In order to measure the classification performance whether it can effectively 
and efficiently predict the result, the evaluators will be used.  Such evaluators are 
calculated based on the values from the confusion matrix. 

1. FindBestCont(D) 
2. foreach V in the continuous attributes in D do 
3.  T = { t|t = (vi + vi+1)/2 where v1, v2, ..., vn are the ordered 
distinct values of attribute V in D } 
4.  foreach t in T do 
5.   Dl = { x|x is an instance in the dataset D that has 
the value of the attribute V value less than or equal to t } 
6.   Dr = { x|x is an instance in the dataset D that has 
the value of the attribute V greater than t } 
7.   score = the information score of D 
8.   if(score > maxScore) then 
9.    maxScore = score 
10.    bestAttr = V 
11.    bestThres = t 
12.   end if 
13.  end for 
14. end for 
15. return { attr:bestAttr, thres:bestThres, score:maxScore } 
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Table 3 exhibits the confusion matrix which we will be using. The confusion 
matrix contains 4 cells of numbers, which each represents the relationship 
between the actual and the predicted classes of the classification. The upper-left 
cell, TP or True Positive, is the number of positive instances that are correctly 
classified. The upper-right cell, FP or False Positive, is the number of negative 
instances that are incorrectly classified. The lower-left cell, FN or False Negative, is 
the number of positive instances that are incorrectly classified. The lower-right 
cell, TN or True Negative, is the number of negative instances that are correctly 
classified. 

The following performance measures are derived from the confusion matrix. 
 

 Accuracy 
Accuracy determines the level of true results from the total population. The 

calculation is shown in equation (8): 

FNFPTNTP
TNTPAccuracy




       (8) 

  

 Sensitivity or recall or true positive rate (TPR) 
Sensitivity, sometimes it is called recall, is the level of correct prediction given 

the positive actual class. The calculation is shown in equation (9): 

FNTP
TPcalleR


        (9) 

    

 Specificity or true negative rate (TNR) 
Specificity is the level of correct prediction given the negative actual class. The 

calculation is shown in equation (10): 

FPTN
TNySpecificit


        (10) 

Moreover, we can find false positive rate (FPR) which is one minus the value of 
specificity. 
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 Precision 
Precision is the level of correct result among the positive predictions. The 

calculation is shown in equation (11): 

FPTP
TPecisionrP


        (11) 

 

 F-measure 
F-measure or F1 is the score that balances the level of precision and recall. 

The calculation is shown in equation (12): 

calleRecisionrP
calleRecisionrPF




 21       (12) 

 

 Matthews correlation coefficient 
While F-measure left out True Negative, Matthews correlation coefficient 

considers all four values in the confusion matrix which allows it to be able to 
apply to various sizes of the population. The calculation is shown in equation (13): 

))()()(( FNTNFPTNFNTPFPTP
FNFPTNTPMCC




    (13) 
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 Area under ROC curve 

 

Figure 10 Area under ROC curve 

The ROC curve represents the tradeoff between the true positive rate (TPR) 
which is plotted on the y axis and the false positive rate (FPR) which is plotted on 
the x axis as shown in Figure 10. The common critical points are the followings: 

The model predicts every instance as negative (TPR=0, FPR=0) 
The model predicts every instance as positive (TPR=1, FPR=1) 
The model predicts every instance correctly (TPR=1, FPR=0) 
Hence, a good model should be located on the upper left corner of the 

graph, while a random model should be placed along the diagonal line of the 
graph. 
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 Information score 
Information score or IS was introduced by Kononenko and Bratko 1991 which 

measures the performance of the classifier using the entropy and the probability. 
Let P(V+) be the prior probability of class V+ and P'(V+) be the posterior 
probability of class V+ from the classifier. There are three possible cases as 
follows: 

1. if P'(V+) > P(V+) then 

)(')( 22  VPoglVPoglIS   

2. if P'(V+) < P(V+) then 

))('1())(1( 22  VPoglVPoglIS  

3. if P'(V+) = P(V+) then 

0IS , since, it has no information. 
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 Brier score 
Brier score is the mean squared error of the probability forecast which is 

commonly used to measure the classification accuracy. It can be computed by 
equation (11): 

2

1

)(
1




N

t
tt of

N
BS        (11) 

     

ft is the probability that was forecasted, ot is the event outcome which is 1 if 
the event occurs and 0 if it does not occur. In addition, Brier score is 0 which is 
called the perfect score; on the other hand, 1 is called the worst score.  

 

2.3 T-test 

T-test is a simple method used to determine whether one technique is 
competitive to another based on the same circumstances. In this case, the N 
training and testing sets are iterated by given the proportion between training and 
test sets of the dataset. The ith training set is used to create two models while the 
ith test set is evaluated in order to identify the performance measures. Now, let 
M1i and M2i be the performance measures of the two classifiers on the ith set. The 
significance of the t-statistic is computed as in equation (15) where the required 
variables are calculated using the formulas including the mean difference 
between two performance measures d  in equation (16), the standard deviation 

of d in equation (17), the variance of the classifier’s measure in equation (18), and 

the average of the classifier’s measure in equation (19). 

d

dt


  (15)  
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CHAPTER III  
MULTI-ATTRIBUTED LENS 

A multi-attributed lens (“MAL”) decision tree is derived from the concept of 
extreme poles by finding the farthest pair or poles of the same class instances. 
Consequently, a lens and a core vector are created from the farthest pair.  A lens 
will be used to partition a dataset into two regions: the outside region and the 
inside region. The outside region is labeled as the opposite class of the poles. 
Meanwhile, the inside region will be partitioned with the best split point along 
the core vector. The best split point is calculated from the projection values with 
the information measure and each partition is repeated the process in recursive 
manner. 

 

3.1 Concept of extreme poles, lens and core vector 

The extreme poles concept is basically the two instances in the space having 
the maximum distance. For this reason, there is no other pair of the same target 
class can place further away than the distance of the extreme poles. We have 
theoretically applied this concept to the space of a binary dataset. Let a set D 
contains p1,p2,..ps and n1, n2, .. nt where pi is the ith positive instance and nj is the 
jth negative instance. In this thesis, we will use the Euclidean distance as a 
distance measure defined in equation (20) where x = (x1,x2,…,xn) and y = 

(y1,y2,…,yn) are the instances in the dataset. 

 


n

i ii yxyxcentaDis
1

2)(),(       (20)  

Properties:  

1. Given the farthest positive pair pl and pr. For any instance o, if the distance 
from o to pl or the distance from o to pr is greater than the maximum distance 
between the two positive instances pl and pr, then the instance o must be the 
negative instance. 
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2. Given the farthest negative pair nl and nr. For any instance o, if the 
distance from o to nl or the distance from o to nr is greater than the maximum 
distance between the two negative instances nl and nr, then the instance o must 
be the positive instance. 

 
Proof property 1: 

 Suppose the farthest positive pair pl and pr. Let o be an instance that 
Distance(o,pl) > Distance(pl,pr) or Distance(o,pr) > Distance(pl,pr). Assume o is a 
positive instance. Then o, pl is the farthest positive pair which contradicts the 
farthest positive pair of pl and pr. 

 Property 2 can be proved in the same way as property 1. 

 

The lens is created based on the properties as mentioned. There are two 
type of the lens including a positive lens and a negative lens: 

 A positive lens which is the lens created from the farthest positive 
instances pl and pr that all positive instances must stay inside. 

 A negative lens which is the lens created from the farthest negative 
instances nl and nr that all negative instances must stay inside. 

The positive lens is created from the farthest positive instances and the n-
dimensional balls. If the first n-dimensional ball is created around the pl with the 
radius equal to the distance from pl to pr, then we can ensure that the outside 
ball’s instances are not positive instances by property 1; however, the negative 
instances may remain inside and outside of this ball as shown in Figure 12. Next, 
another n-dimensional ball is created and centered at the pr with the same 
radius. The positive instances must only remain inside this ball, while the 
negative instances can stay in both regions. As a result, the intersection area 
between these two positive balls is geometrically called a positive lens as shown 
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in Figure 13. The negative lens can be created by the nl and nr instances in the 
same way as the positive lens. 

There is no positive instance that stays outside the positive lens, and this 
property will later be used to partition the dataset into two regions. The outside 
lens region is labeled as negative; however, the inside lens region needs to be 
further partitioned. Instead of determining the best vector projection for splitting, 
our method utilizes the vector that generate from pl and pr which is named core 
vector.  In case of the negative lens, the outside lens region is labeled as positive 
while the inside lens region will be processed similarly to the positive lens.  

The core vector is the vector which is defined from pl to pr for the positive 
lens. Each instance within the lens needs to be projected onto the core vector. 
The projection values can be computed by equation (21) where u is the core 
vector and v is the vector from pl to an instance. Those values will be ordered, 
and then will be used to find the best split point in the same way as C4.5. The 
outside lens partition, the less than or equal to the best split value partition, and 
the greater than the best split value partition are included while calculating the 
information measure. All of the above three partitions are shown in Figure 14. For 
the negative lens, it follows the similar steps as the positive lens despite the 
change of pole type. 

Note that other vectors beside the core vector may not be applicable for all 
instances inside the lens. When this classifier is used, the instance inside the lens 
is projected on the vector. Figure 15 shows an example of the projection from an 
instance to the core vector (green line) and the other vector (purple line). In this 
example, the instance can be projected on both core vector and other vector 
indifferently. However, there might be the case that the instance is projected on 
the other vector but such vector is not able to cover every instance as shown in 
Figure 16. Hence, there is an uncertain area where the split value cannot be 
clearly identified. 

Moreover, the process of seeking the vector to be used instead of the core 
vector definitely requires more time. Suppose there are n instances, we need to 
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pair up all of the instances in order to obtain all possible vectors. The best split 
value is calculated for each vector with the time complexity of n3. 
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Figure 11 The farthest positive instances 

 

Figure 12 A ball is around pl 
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Figure 13 A positive lens 

 

 

Figure 14 Data partitions 
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Figure 15 Projection without uncertain area 

 

Figure 16 Projection with uncertain area 
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3.2 Algorithm 

To build a tree, MAL algorithm applies a simple decision tree algorithm. In 
Figure 17, the modification of the FindBestSplit() function where D is the input 
dataset and poleType is the parameter that identifies the lens type which can 
either be positive or negative. First, it finds the best split of discrete attributes 
(Line 2). Next, the best positive lens or the best negative lens (Line 3) is 
determined based on the parameter poleType. Then, the algorithm will select 
the best split from the candidates according to their information scores (Line 4).  

In Figure 18, the FindBestSplitLens() function shows the way to find the best 
split lens. First, the algorithm determines the farthest pair depending on the 
parameter poleType (Line 2). In addition, the positive lens algorithm or posMAL 
will use the poleType as the positive class; on the other hand, the negative lens 
algorithm or negMAL will use the poleType as the negative class. The lens will be 
used to partition the data into two sets: the inside lens and the outside lens 
(Line 3-4). Next, the algorithm will create the core vector (Line 5), the projection 
values of the inside lens instances onto the core vector (Line 6) and the sorted 
middle values of the projection values (Line 7). Each middle value is used to split 
the data into left and right partitions, and then the algorithm will calculate the 
information score (Line 8-11). Afterward, the algorithm will choose the middle 
value that has the highest information score and will return this value with the 
core vector (Line 12-17). 

 

 

Figure 17 Find the best split function in MAL algorithm 

1. FindBestSplit(D, poleType) 
2. bestDis = FindBestSplitDisc(D) 
3.  bestLens = FindBestSplitLens(D, poleType) 
5. return Max(bestDis.score, bestLens.score) 
 



27 

 

 

 

Figure 18 Find the best split lens function in MAL algorithm 

 

1. FindBestSplitLens(D, poleType) 
2. pair = the farthest pair of the given pole type poleType 
3. Din = { x|x is an instance that stay inside lens } 
4. Dout = { x|x is an instance that stay outside lens } 
5. cv = the vector from pair.p1 to pair.p2 
6. inProj = { v|v is a projection values of Din that stay in the 
lens onto the core vector cv } 
7. T = { t|t = (vi + vi+1)/2 where v1, v2, ..., vn are the ordered 
distinct values of projection values inProj } 
8. foreach t in T do 
9.  Dleft = { x|x is an inside lens instance that has the 
magnitude less than or equal t } 
10.  Dright = { x|x is an inside lens instance that has the 
magnitude greater than t } 
11.  score = the information score of D 
12.  if(score > maxScore) then 
13.   maxScore = score 
14.    bestThres = t 
15.   end if 
16.  end for 
17. return { coreVector:cv, thres:bestThres, score:maxScore} 
 



 

 

CHAPTER IV 
EXPERIMENTS AND RESULTS

In this chapter, we will show the results of the aforementioned performance 
measures in chapter 2 with the classification techniques: k nearest neighbor, 
naïve Bayes, SVM, logistic regression, as well as C4.5 algorithms . 

4.1 Experimental environment 

The MAL algorithm is written using Python language with Xcode IDE. Orange 
library [20] is a data mining library that is used to analyze, visualize, preprocess, 
and sample the datasets. It also provides many objects and utilities to easily 
manipulate and extend decision tree object as well as provides other classifiers 
that are used in this experiment. The experiment runs under Mac OSX system 
with 1.6 GHz Intel CPU and 4 GB of RAM.  

4.2 Dataset descriptions 

In this section, we will explain the datasets for our experiments. The datasets 
for classification are obtained from UCI Machine Learning Repository [21] that 
have the specified characteristics, including having multivariate, numeric and 
mixed attribute types, having less than 40 attributes, and having a number of 
instances between 100 and 1000 as shown in Table 4. There are a total of 24 
datasets that satisfy with the conditions mentioned above, and are used in the 
experiments. 
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Table 4 UCI datasets 

Name Attribute Type #instances #attributes #classes 
Blood Transfusion Service Center Real 748 5 2 

Breast Cancer Wisconsin (Diagnostic) Real 569 32 2 
Breast Cancer Wisconsin (Original) Integer 699 10 2 

Breast Cancer Wisconsin (Prognostic) Real 198 34 2 
Breast Tissue Real 106 10 6 

Ecoli Integer 336 8 8 
Glass Identification Real 214 10 7 
Haberman's Survival Integer 306 3 2 

ILPD (Indian Liver Patient Dataset) Integer, Real 583 10 2 
Ionosphere Integer, Real 351 34 2 

Iris Real 150 4 3 
Mammographic Mass Integer 961 6 2 
Pima Indians Diabetes Integer, Real 768 8 2 

Seeds Real 210 7 3 
Vertebral Column Real 310 6 2 

Wine Integer, Real 178 13 3 
Credit Approval Categorical, Integer, 

Real 
690 15 2 

Cylinder Bands Categorical, Integer, 
Real 

512 39 2 

Dermatology Categorical, Integer 366 33 6 
Hepatitis Categorical, Integer, 

Real 
155 19 2 

Horse Colic Categorical, Integer, 
Real 

368 27 2 

Statlog (Australian Credit Approval) Categorical, Integer, 
Real 

690 14 2 

Statlog (Heart) Categorical, Real 270 13 2 
Teaching Assistant Evaluation Categorical, Integer 151 5 3 
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 Blood transfusion service center  
Blood transfusion service center dataset [22] is data of blood donation 

collected from the blood donors in Hsin-Chu City, Taiwan in March 2007. It 
consists of 748 instances and 5 attributes with no missing value. 

 

 Breast Cancer Wisconsin (Diagnostic) 
Breast cancer Wisconsin (diagnostic) dataset [23], [24], [25], [26], [27], [28] 

collected the attributes of cell nuclei of a breast mass extracted from a digitized 
image using a fine needle aspirate (FNA). It consists of 569 instances and 32 
attributes with no missing value. The ID attribute will not be accounted in our 
computation; therefore, there will be only 31 attributes remaining. 

 

 Breast Cancer Wisconsin (Original) 
Breast cancer Wisconsin (original) dataset [29] was originally collected 

chronologically from Dr. Wolberg’s clinical cases from January 1989 to July 1992. 
All of the attributes were normalized and scaled with a value from 1 to 10. It 
consists of 699 instances and 11 attributes with 16 missing values. The sample 
code number attribute will not be accounted in our computation; therefore, 
there will be only 10 attributes remaining 

 

 Breast Cancer Wisconsin (Prognostic) 
Breast cancer Wisconsin (prognostic) dataset [24], [26], [27], [30], [31] was a 

follow-up data gathered from the breast cancer cases of Dr.Wolberg’s patients. 
Only the cases with invasive breast cancer and no evidence of distant metastases 
at the time of diagnosis will be added to this dataset, with the data dated back in 
1984. It consists of 198 instances and 35 attributes with 4 missing values. The 
sample code number attribute will not be accounted in our computation; 
therefore, there will be only 34 attributes remaining. 
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 Breast Tissue 
Breast tissue dataset [32], [33] represented the impedance measurements of 

the breast tissue that were newly excised. It consists of 106 instances and 10 
attributes with no missing value. 

 

 Ecoli 
Ecoli dataset [34], created by Kenta Nakai, comprises of the attributes that are 

used to predict the localization site of protein. It consists of 336 instances and 8 
attributes with no missing value. The name attribute will not be accounted in our 
computation; therefore, there will be only 7 attributes remaining. 

 

 Glass Identification 
Glass identification [35] was first used by Vina in rule-based system in order to 

determine whether the glass was a type of “float” glass or not. It consists of 11 
attributes with no missing value. The id attribute will not be accounted in our 
computation; there will be only 10 attributes remaining. 

 

 Haberman's Survival 
The dataset [36], [37], [38] keeps the records of patients who had survived on 

surgery for breast cancer at the University of Chicago’s Billings Hospital between 
1958 and 1970. It consists of 4 attributes with no missing value. 

 

 ILPD (Indian Liver Patient Dataset) 
ILPD dataset [39], [40] was gathered from 416 liver patient records and 167 

non liver patient records in the north east of Andhra Pradesh, India. In this 
dataset, 441 of the patient records are male; the remaining 167 are female 
patient records. It consists of 11 attributes with no missing value. 
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 Ionosphere 
Ionosphere dataset [41] contains the radar data based in Goose Bay, 

Labrador. The data was assembled by the system with a phased array of 16 high-
frequency antennas with a total transmitted power on the order of 6.4 kilowatts, 
targeting at the free electrons in the ionosphere. Those with evidence of some 
type of structure in the ionosphere were identified as “Good” radar returns, while 
those that do not were “Bad” returns. It consists of 35 attributes with no missing 
value. 

 

 Iris 
Iris dataset [42], [43] [44] [45] contains 3 classes of types of Iris plant, where 

each class has a total of 50 instances. It is the dataset best known in the pattern 
recognition literature. It consists of 5 attributes with no missing value. 

 

 Mammographic Mass 
The dataset of Mammographic Mass [46] was collected from 516 benign and 

445 malignant masses at the Institute of Radiology of the University Erlangen-
Nuremberg during the year 2003 to 2006. Its feature is the use to discriminate 
benign and malignant mammographic masses based on BI-RADS attributes 
together with the age of the patient. It consists of 6 attributes with 131 missing 
values out of 961 instances. 

 

 Pima Indians Diabetes 
Pima Indian Diabetes dataset [47] was conducted based on the data from 

Pima Indian female that were 21 years old or older, with a total of 768 instances. 
It consists of 9 attributes with no missing value. 

 

 Seeds 
Seeds dataset [48] focused on three verities of wheat, including Kama, Rosa 

and Canadian, which a soft X-ray technique was used to visualize the internal 
kernel structure. The data was gathered at the Institute of Agrophysics of the 
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Polish Academy of Sciences in Lublin, and can be used for the purpose of 
classification and cluster analysis. It consists of 7 attributes with no missing value. 

 

 Vertebral Column 
Dr. Henrique da mota record the dataset during a medical residence period in 

the Group of Applied Research in Orthopaedics (GARO), Lyon, France [49], [50], 
[51]. The data were kept into two classes: Normal (100 patients) and Disk Hernia 
and Spondylolisthesis were labeled as Abnormal (210 patients). It consists of 7 
attributes with no missing value. 

 

 Wine 
Three types of wines were defined based on a chemical analysis of wines in 

the same region in Italy in there different cultivars [52], [53]. There are initially 30 
attributes, but in this dataset only 13 attributes were used with no missing value. 

 

 Credit Approval 
The file was submitted by Quilan [54], [55]. All attribute names and values 

had been changed to meaningless due to the confidential issue. There are 16 
attributes with 37 missing values out of 690 instances. 

 

 Cylinder Bands 
The mitigating process delays known as “cylinder bands” in rotogravure 

printing was published with the decision tree classifier by Evans, B and al et [56]. 
It consists of 19 attributes with no missing value. 

 

 Dermatology 
The real problem in dermatology is the little differences in the diagnosis of 

the erythemato-squamous diseases. The diseases in this group are psoriasis, 
seboreic dermatitis, lichen planus, pityriasis rosea, cronic dermatitis, and pityriasis 
rubra pilaris. The patients were fist evaluated clinically with 12 attributes and 
then 22 attributes were sampled histopathologically by an analysis of the 



34 

 

 

samples under a microscope [57]. The dataset consists of 35 attributes with 8 
missing values out of 366 instances. 

 

 Hepatitis 
Hepatitis dataset was published by G. Gong [58], [59]. It consists of 20 

attributes with 75 missing values out of 155 instances. 
 

 Horse Colic 
Horse Colic dataset is a study on colic in horses based on 368 instances 

which can be divided into 300 training instances and 68 test instances. It consists 
of 23 attributes with 361 missing values. 

 

 Statlog (Australian Credit Approval) 
Statlog (Australian Credit Approval) [54], [55] represents 690 instances 

regarding the credit card applications. It consists of 15 attributes with no missing 
value. 

 

 Statlog (Heart) 
Statlog (Heart) dataset is a dataset for a heart disease, with 270 instances 

collected. It consists of 13 attributes with no missing value. 
 

 Teaching Assistant Evaluation 
Teaching Assistant Evaluation dataset [60], [61] obtained the teaching 

performance evaluations from 151 teaching assistants at the Department of 
Statistics of the University of Wisconsin-Madison. The scores were rated over 
three regular semesters and two summer semesters and were categorized as 
“low”, “medium” and “high”. It consists of 6 attributes with no missing value. 

4.3 Experimental design 

Our thesis uses the holdout sampling technique to partition a dataset into 
two disjoint sets, called the training set and the test set. There are four 



35 

 

 

proportions between training set and the test set which are 60:40, 70:30, 80:20 
and 90:10. To validate the datasets, each dataset is randomly sampled thirty 
times. For each time, the test set is applied to all classifiers including: posMAL, 
negMAL, C4.5, k nearest neighbor, naïve Bayes, SVM, as well as logistic regression 
and then the corresponding test set is used to evaluate each classifier. The 
performance measures in this experiment are accuracy, sensitivity, specificity, 
area under ROC curve (AUC), information score, F-measure, precision, recall, brier 
score, and Matthews correlation coefficient (MCC)  (see also Appendix A). 
Afterward, we perform a paired t-test for each measure on posMAL against other 
classifiers (see also Appendix B) and negMAL against other classifiers (see also 
Appendix C). For each paired t-test, the null and alternative hypotheses are the 
followings. 

H0: µ1 - µ2 = 0 
H1: µ1 - µ2 ≠ 0 
where µ1 is posMAL or negMAL mean and µ2 is naïve Bayes, C4.5, KNN, or 

logistic regression mean. In this thesis, the significance level is equal to 0.025. 
Hence, if two-tailed probability or p < 0.025, H0 is rejected which means that 
there is a difference in means across the paired observation. 

Furthermore, we preprocess the missing value by the k nearest neighbor 
model as well as convert the datasets that have more than 2 classes by using 
one against all method since our algorithm only supports binary class datasets.  

4.4 Experimental results 

In this section, we compare the accuracy based on a paired t-test of our 
models: posMAL and negMAL with other classifiers.  

 The results of the paired t-test of accuracy 

Table 5 and Table 6 summarize the average value of accuracy for posMAL 
and negMAL for each dataset and each classifier. µ1 is the average value of 
accuracy for posMAL or negMAL, µ2 is the average value of accuracy for the other 
algorithms. The difference between the average value of accuracy of posMAL or 
negMAL and the other classifiers is shown as ∆, which the positive value of ∆ 
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means that our algorithm is superior to the others and the negative value of ∆ 
means that the other algorithms are superior to ours. 

In the case of posMAL in Table 5, from 120 cases, we found that posMAL has 
better accuracy value of 30 cases, while the other 88 cases are worse than the 
other algorithms and 2 cases are equal. In the case of negMAL in Table 6, 28 
cases have better accuracy value, 90 cases have worse accuracy value and the 
remaining 2 cases are equal. However, the ∆ merely represents the performance 
of our classifier compared to the others; the paired t-tests are then applied to 
the accuracy as well as the other performance measures to further explain 
whether the average accuracy result of ∆ and the other performance measure is 
significant or not. (See also Appendix B and C). 

Table 7 and Table 8 summarize the average p value of accuracy for posMAL 
and negMaL for each dataset and each classifier. As mentioned earlier, the 
positive number of ∆µ or the mean difference shows that our classifier is better 
than the others; moreover, the average p value of less than or equal to 0.025 is 
statistically considered as significantly better. On the other hand, those with 
negative ∆µ shows that other classifiers are better than ours; and the p value of 
less than or equal to 0.025 shows that the other classifiers are considered to be 
significantly better.  

From Table 7, it shows that posMAL is considered to be significantly better 
than the other classifiers in 8 datasets, including Blood Transfusion Services 
Center, Breast Cancer Wisconsin (Original), Breast Cancer Wisconsin (Prognostic), 
Haberman’s Survival, ILPD (Indian Liver Patient Dataset), Credit Approval, Hepatitis 
and Horse Colic. PosMAL is considered to be worse than the other classifiers in 
13 datasets, including Breast Cancer Wisconsin (Diagnostic), Breast Tissue, 
Ionosphere, Iris, Mammographic Mass, Pima Indian Diabetes, Seeds, Vertebral 
Column, Wine, Cylinder Bands, Statlog (Australian Credit Approval), Statlog (Heart) 
and Teaching Assistant Evaluation. The result of the remaining 3 datasets; Ecoli, 
Glass Identification and Dermatology; is indifferent. 
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From Table 8, it shows that negMAL is considered to be significantly better 
than the other classifiers in 7 datasets, including Breast Cancer Wisconsin 
(Original), Breast Cancer Wisconsin (Prognostic), Haberman’s Survival,  ILPD (Indian 
Liver Patient Dataset), Credit Approval, Hepatitis and Horse Colic. NegMAL is 
considered to be worse than the other classifiers in 15 datasets, including Blood 
Transfusion Services Center, Breast Cancer Wisconsin (Diagnostic), Breast Tissue, 
Glass Identification,  Ionosphere, Iris, Mammographic Mass, Pima Indian Diabetes, 
Seeds, Vertebral Column, Wine, Cylinder Bands, Statlog (Australian Credit 
Approval), Statlog (Heart) and Teaching Assistant Evaluation. The result of the 
remaining 2 datasets; Ecoli and Dermatology; does not yield a significant different 
result. 
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Table 5 Average values of accuracy - posMAL 
DB   µ1 µ2 ∆ 
01.Blood Transfusion Service Center 

Bayes 0.761040 0.756145 + 
C4.5 0.761040 0.716333 + 
KNN 0.761040 0.771098 - 
LogR 0.761040 0.771988 - 
SVM 0.761040 0.760635 + 

02.Breast Cancer Wisconsin (Diagnostic) 
Bayes 0.900459 0.944237 - 
C4.5 0.900459 0.917288 - 
KNN 0.900459 0.970882 - 
LogR 0.900459 0.957627 - 
SVM 0.900459 0.949281 - 

03.Breast Cancer Wisconsin (Original) 
Bayes 0.961660 0.971151 - 
C4.5 0.961660 0.940744 + 
KNN 0.961660 0.966746 - 
LogR 0.961660 0.961319 + 
SVM 0.961660 0.963938 - 

04.Breast Cancer Wisconsin (Prognostic) 
Bayes 0.766231 0.674793 + 
C4.5 0.766231 0.661255 + 
KNN 0.766231 0.770811 - 
LogR 0.766231 0.789041 - 
SVM 0.766231 0.769040 - 

05.Breast Tissue   
 Bayes 0.835794 0.831934 + 

C4.5 0.835794 0.869280 - 
KNN 0.835794 0.897246 - 
LogR 0.835794 0.880589 - 
SVM 0.835794 0.817381 + 

06.Ecoli     
 Bayes 0.910602 0.564055 + 

C4.5 0.910602 0.937836 - 
KNN 0.910602 0.963445 - 
LogR 0.910602 0.954580 - 
SVM 0.910602 0.917376 - 

07.Glass Identification 
 Bayes 0.837290 0.864103 - 

C4.5 0.837290 0.880781 - 
KNN 0.837290 0.894196 - 
LogR 0.837290 0.862751 - 
SVM 0.837290 0.851039 - 

08.Haberman's Survival 
 Bayes 0.739056 0.753571 - 

C4.5 0.739056 0.674966 + 
KNN 0.739056 0.713445 + 
LogR 0.739056 0.748116 - 
SVM 0.739056 0.739119 - 

 
 
09.ILPD (Indian Liver Patient Dataset) 

Bayes 0.711085 0.663890 + 
C4.5 0.711085 0.675194 + 
KNN 0.711085 0.666738 + 
LogR 0.711085 0.717836 - 
SVM 0.711085 0.704375 + 

10.Ionosphere   
 Bayes 0.666010 0.876457 - 

C4.5 0.666010 0.922461 - 
KNN 0.666010 0.852640 - 
LogR 0.666010 0.874709 - 
SVM 0.666010 0.921118 - 

11.Iris     
 Bayes 0.883426 0.933256 - 

C4.5 0.883426 0.958611 - 
KNN 0.883426 0.966034 - 
LogR 0.883426 0.895586 - 
SVM 0.883426 0.958966 - 

12.Mammographic Mass 
 Bayes 0.547873 0.816654 - 

C4.5 0.547873 0.763267 - 
KNN 0.547873 0.802567 - 
LogR 0.547873 0.826154 - 
SVM 0.547873 0.795975 - 

13.Pima Indians Diabetes 
 Bayes 0.648902 0.748026 - 

C4.5 0.648902 0.689179 - 
KNN 0.648902 0.738032 - 
LogR 0.648902 0.771332 - 
SVM 0.648902 0.765576 - 

14.Seeds     
 Bayes 0.839242 0.929056 - 

C4.5 0.839242 0.944940 - 
KNN 0.839242 0.954343 - 
LogR 0.839242 0.974217 - 
SVM 0.839242 0.944378 - 

15.Vertebral Column 
 Bayes 0.729017 0.768168 - 

C4.5 0.729017 0.791891 - 
KNN 0.729017 0.797939 - 
LogR 0.729017 0.834409 - 
SVM 0.729017 0.840367 - 

16.Wine     
 Bayes 0.773624 0.981396 - 

C4.5 0.773624 0.946733 - 
KNN 0.773624 0.970629 - 
LogR 0.773624 0.981089 - 
SVM 0.773624 0.937998 - 

 
 
17.Credit Approval   

 Bayes 0.856401 0.855616 + 
C4.5 0.856401 0.796548 + 
KNN 0.856401 0.864543 - 
LogR 0.856401 0.850513 + 
SVM 0.856401 0.856401 0 

18.Cylinder Bands 
Bayes 0.599580 0.688272 - 
C4.5 0.599580 0.661908 - 
KNN 0.599580 0.670010 - 
LogR 0.599580 0.628279 - 
SVM 0.599580 0.677803 - 

19.Dermatology   
 Bayes 0.938471 0.976004 - 

C4.5 0.938471 0.962750 - 
KNN 0.938471 0.987546 - 
LogR 0.938471 0.966011 - 
SVM 0.938471 0.879687 + 

20.Hepatitis   
 Bayes 0.834253 0.849426 - 

C4.5 0.834253 0.785950 + 
KNN 0.834253 0.822060 + 
LogR 0.834253 0.821010 + 
SVM 0.834253 0.775438 + 

21.Horse Colic   
 Bayes 0.819970 0.778928 + 

C4.5 0.819970 0.765090 + 
KNN 0.819970 0.792247 + 
LogR 0.819970 0.779167 + 
SVM 0.819970 0.839717 - 

22.Statlog (Australian Credit Approval) 
Bayes 0.853915 0.860205 - 
C4.5 0.853915 0.801198 + 
KNN 0.853915 0.865328 - 
LogR 0.853915 0.852838 + 
SVM 0.853915 0.853915 0 

23.Statlog (Heart)   
 Bayes 0.551192 0.808745 - 

C4.5 0.551192 0.717078 - 
KNN 0.551192 0.797814 - 
LogR 0.551192 0.828369 - 
SVM 0.551192 0.833539 - 

24.Teaching Assistant Evaluation 
 Bayes 0.665493 0.686416 - 

C4.5 0.665493 0.744362 - 
KNN 0.665493 0.711739 - 
LogR 0.665493 0.666311 - 
SVM 0.665493 0.683294 - 
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Table 6 Average values of accuracy - negMAL 
DB µ1 µ1 ∆ 
01.Blood Transfusion Service Center 
Bayes 0.760126 0.756145 + 
C4.5 0.760126 0.716333 + 
KNN 0.760126 0.771098 - 
LogR 0.760126 0.771988 - 
SVM 0.760126 0.760635 - 
02.Breast Cancer Wisconsin (Diagnostic) 
Bayes 0.898526 0.944237 - 
C4.5 0.898526 0.917288 - 
KNN 0.898526 0.970882 - 
LogR 0.898526 0.957627 - 
SVM 0.898526 0.949281 - 
03.Breast Cancer Wisconsin (Original) 
Bayes 0.956300 0.971151 - 
C4.5 0.956300 0.940744 + 
KNN 0.956300 0.966746 - 
LogR 0.956300 0.961319 - 
SVM 0.956300 0.963938 - 
04.Breast Cancer Wisconsin (Prognostic) 
Bayes 0.767291 0.674793 + 
C4.5 0.767291 0.661255 + 
KNN 0.767291 0.770811 - 
LogR 0.767291 0.789041 - 
SVM 0.767291 0.769040 - 
05.Breast Tissue   

 Bayes 0.837524 0.831934 + 
C4.5 0.837524 0.869280 - 
KNN 0.837524 0.897246 - 
LogR 0.837524 0.880589 - 
SVM 0.837524 0.817381 + 
06.Ecoli     

 Bayes 0.887421 0.564055 + 
C4.5 0.887421 0.937836 - 
KNN 0.887421 0.963445 - 
LogR 0.887421 0.954580 - 
SVM 0.887421 0.917376 - 
07.Glass Identification 

 Bayes 0.833606 0.864103 - 
C4.5 0.833606 0.880781 - 
KNN 0.833606 0.894196 - 
LogR 0.833606 0.862751 - 
SVM 0.833606 0.851039 - 
08.Haberman’s Survival 

 Bayes 0.736373 0.753571 - 
C4.5 0.736373 0.674966 + 
KNN 0.736373 0.713445 + 
LogR 0.736373 0.748116 - 
SVM 0.736373 0.739119 - 
 
 

 
09.ILPD (Indian Liver Patient Dataset) 
Bayes 0.712095 0.663890 + 
C4.5 0.712095 0.675194 + 
KNN 0.712095 0.666738 + 
LogR 0.712095 0.717836 - 
SVM 0.712095 0.704375 + 
10.Ionosphere   

 Bayes 0.658998 0.876457 - 
C4.5 0.658998 0.922461 - 
KNN 0.658998 0.852640 - 
LogR 0.658998 0.874709 - 
SVM 0.658998 0.921118 - 
11.Iris     

 Bayes 0.838488 0.933256 - 
C4.5 0.838488 0.958611 - 
KNN 0.838488 0.966034 - 
LogR 0.838488 0.895586 - 
SVM 0.838488 0.958966 - 
12.Mammographic Mass 

 Bayes 0.547386 0.816654 - 
C4.5 0.547386 0.763267 - 
KNN 0.547386 0.802567 - 
LogR 0.547386 0.826154 - 
SVM 0.547386 0.795975 - 
13.Pima Indians Diabetes 

 Bayes 0.649862 0.748026 - 
C4.5 0.649862 0.689179 - 
KNN 0.649862 0.738032 - 
LogR 0.649862 0.771332 - 
SVM 0.649862 0.765576 - 
14.Seeds     

 Bayes 0.799625 0.929056 - 
C4.5 0.799625 0.944940 - 
KNN 0.799625 0.954343 - 
LogR 0.799625 0.974217 - 
SVM 0.799625 0.944378 - 
15.Vertebral Column 

 Bayes 0.683333 0.768168 - 
C4.5 0.683333 0.791891 - 
KNN 0.683333 0.797939 - 
LogR 0.683333 0.834409 - 
SVM 0.683333 0.840367 - 
16.Wine     

 Bayes 0.777525 0.981396 - 
C4.5 0.777525 0.946733 - 
KNN 0.777525 0.970629 - 
LogR 0.777525 0.981089 - 
SVM 0.777525 0.937998 - 
 
   

 

 
17.Credit Approval 
Bayes 0.856401 0.855616 + 
C4.5 0.856401 0.796548 + 
KNN 0.856401 0.864543 - 
LogR 0.856401 0.850513 + 
SVM 0.856401 0.856401 0 
18.Cylinder Bands 

 Bayes 0.593904 0.688272 - 
C4.5 0.593904 0.661908 - 
KNN 0.593904 0.670010 - 
LogR 0.593904 0.628279 - 
SVM 0.593904 0.677803 - 
19.Dermatology   

 Bayes 0.938471 0.976004 - 
C4.5 0.938471 0.962750 - 
KNN 0.938471 0.987546 - 
LogR 0.938471 0.966011 - 
SVM 0.938471 0.879687 + 
20.Hepatitis   

 Bayes 0.834253 0.849426 - 
C4.5 0.834253 0.785950 + 
KNN 0.834253 0.822060 + 
LogR 0.834253 0.821010 + 
SVM 0.834253 0.775438 + 
21.Horse Colic   

 Bayes 0.819970 0.778928 + 
C4.5 0.819970 0.765090 + 
KNN 0.819970 0.792247 + 
LogR 0.819970 0.779167 + 
SVM 0.819970 0.839717 - 
22.Statlog (Australian Credit Approval) 
Bayes 0.853915 0.860205 - 
C4.5 0.853915 0.801198 + 
KNN 0.853915 0.865328 - 
LogR 0.853915 0.852838 + 
SVM 0.853915 0.853915 0 
23.Statlog (Heart)   

 Bayes 0.551620 0.808745 - 
C4.5 0.551620 0.717078 - 
KNN 0.551620 0.797814 - 
LogR 0.551620 0.828369 - 
SVM 0.551620 0.833539 - 
24.Teaching Assistant Evaluation 

 Bayes 0.664258 0.686416 - 
C4.5 0.664258 0.744362 - 
KNN 0.664258 0.711739 - 
LogR 0.664258 0.666311 - 
SVM 0.664258 0.683294 - 
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Table 7 paired t-test on accuracy - posMAL 

DB ∆µ p sig 
01.Blood Transfusion Service Center 
Bayes 0.006722 0.318380 

 C4.5 0.046534 0.000000 + 
KNN -0.008230 0.068098 

 LogR -0.009121 0.037876 
 SVM 0.002232 0.199553 
 02.Breast Cancer Wisconsin (Diagnostic) 

Bayes -0.039912 0.000006 - 
C4.5 -0.012963 0.096133 

 KNN -0.066557 0.000000 - 
LogR -0.053302 0.000000 - 
SVM -0.044956 0.000000 - 
03.Breast Cancer Wisconsin (Original) 
Bayes -0.006270 0.063978 

 C4.5 0.024137 0.000059 + 
KNN -0.001865 0.515264 

 LogR 0.003562 0.244775 
 SVM 0.000942 0.527138 
 04.Breast Cancer Wisconsin (Prognostic) 

Bayes 0.090579 0.000004 + 
C4.5 0.104117 0.000000 + 
KNN -0.005440 0.498136 

 LogR -0.023669 0.103934 
 SVM -0.003668 0.474360 
 05.Breast Tissue   
 Bayes 0.001806 0.074038 
 C4.5 -0.035540 0.070139 
 KNN -0.063506 0.021363 - 

LogR -0.046849 0.125020 
 SVM 0.016358 0.172220 
 06.Ecoli     
 Bayes 0.358827 0.057218 
 C4.5 -0.014954 0.268671 
 KNN -0.040564 0.245772 
 LogR -0.031698 0.144367 
 SVM 0.005505 0.179059 
 07.Glass Identification   
 Bayes -0.025285 0.093067 
 C4.5 -0.041964 0.070584 
 KNN -0.055378 0.064484 
 LogR -0.023933 0.054015 
 SVM -0.012222 0.188994 
 08.Haberman's Survival   
 Bayes -0.010434 0.276179 
 C4.5 0.068170 0.000000 + 

KNN 0.029691 0.004564 + 
LogR -0.004980 0.301803 

 SVM 0.004017 0.554174 
  

 

 
09.ILPD (Indian Liver Patient Dataset) 
Bayes 0.046589 0.000096 + 
C4.5 0.035286 0.040344 

 KNN 0.043741 0.000019 + 
LogR -0.007357 0.376423 

 SVM 0.006104 0.185920 
 10.Ionosphere   
 Bayes -0.207198 0.000000 - 

C4.5 -0.253203 0.000000 - 
KNN -0.183381 0.000000 - 
LogR -0.205450 0.000000 - 
SVM -0.251859 0.000000 - 
11.Iris     

 Bayes -0.036790 0.036185 
 C4.5 -0.062145 0.005077 - 

KNN -0.069568 0.004191 - 
LogR 0.000880 0.003955 + 
SVM -0.062500 0.007957 - 
12.Mammographic Mass   

 Bayes -0.268609 0.000000 - 
C4.5 -0.215222 0.000000 - 
KNN -0.254522 0.000000 - 
LogR -0.278109 0.000000 - 
SVM -0.247929 0.000000 - 
13.Pima Indians Diabetes   

 Bayes -0.100521 0.000000 - 
C4.5 -0.041674 0.000004 - 
KNN -0.090527 0.000000 - 
LogR -0.123826 0.000000 - 
SVM -0.118070 0.000000 - 
14.Seeds     

 Bayes -0.092879 0.004880 - 
C4.5 -0.108763 0.015116 - 
KNN -0.118166 0.000205 - 
LogR -0.138040 0.000003 - 
SVM -0.108201 0.008745 - 
15.Vertebral Column   

 Bayes -0.016308 0.273626 
 C4.5 -0.040031 0.044619 
 KNN -0.046080 0.009423 - 

LogR -0.082549 0.000008 - 
SVM -0.088508 0.000008 - 
16.Wine     

 Bayes -0.211165 0.000000 - 
C4.5 -0.176503 0.006452 - 
KNN -0.200398 0.000000 - 
LogR -0.210858 0.000000 - 
SVM -0.167768 0.002646 - 
 
   

 

 
17.Credit Approval 
Bayes 0.000785 0.511023 

 C4.5 0.059853 0.000000 + 
KNN -0.008142 0.177818 

 LogR 0.005888 0.360724 
 SVM 0.000000 0.662790 
 18.Cylinder Bands  

 Bayes -0.085854 0.000000 - 
C4.5 -0.059491 0.000001 - 
KNN -0.067593 0.000000 - 
LogR -0.025862 0.004211 - 
SVM -0.075386 0.000000 - 
19.Dermatology   

 Bayes -0.037533 0.091478 
 C4.5 -0.024279 0.155556 
 KNN -0.049075 0.132351 
 LogR -0.027540 0.128958 
 SVM 0.058783 0.055203 
 20.Hepatitis     
 Bayes -0.015172 0.258235 
 C4.5 0.048303 0.007376 + 

KNN 0.012193 0.334489 
 LogR 0.013244 0.434106 
 SVM 0.058816 0.000003 + 

21.Horse Colic   
 Bayes 0.041042 0.001190 + 

C4.5 0.054880 0.000023 + 
KNN 0.027723 0.011515 + 
LogR 0.040803 0.008376 + 
SVM -0.019747 0.063515 

 22.Statlog (Australian Credit Approval) 
Bayes -0.006290 0.334724 

 C4.5 0.052717 0.000000 + 
KNN -0.011413 0.023114 - 
LogR 0.001077 0.202079 

 SVM 0.000000 0.662790 
 23.Statlog (Heart)   
 Bayes -0.257176 0.000000 - 

C4.5 -0.165509 0.000000 - 
KNN -0.246245 0.000000 - 
LogR -0.276800 0.000000 - 
SVM -0.281970 0.000000 - 
24.Teaching Assistant Evaluation 

 Bayes -0.020436 0.378772 
 C4.5 -0.078382 0.019217 - 

KNN -0.045758 0.247333 
 LogR -0.000331 0.054958 
 SVM -0.017314 0.137910 
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Table 8 paired t-test on accuracy - negMAL 
DB ∆µ p sig 
01.Blood Transfusion Service Center 

 Bayes 0.003981 0.580559 
 C4.5 0.043793 0.000019 + 

KNN -0.010972 0.014709 - 
LogR -0.011862 0.001224 - 
SVM -0.000510 0.256324 

 02.Breast Cancer Wisconsin (Diagnostic) 
Bayes -0.045712 0.000005 - 
C4.5 -0.018762 0.123150 

 KNN -0.072356 0.000000 - 
LogR -0.059101 0.000000 - 
SVM -0.050755 0.000000 - 

03.Breast Cancer Wisconsin (Original) 
 Bayes -0.014851 0.026773 
 C4.5 0.015556 0.018600 + 

KNN -0.010446 0.132075 
 LogR -0.005020 0.425971 
 SVM -0.007639 0.278760 
 04.Breast Cancer Wisconsin (Prognostic) 

Bayes 0.092498 0.000001 + 
C4.5 0.106036 0.000000 + 
KNN -0.003521 0.325986 

 LogR -0.021750 0.088908 
 SVM -0.001749 0.212918 
 05.Breast Tissue   
 Bayes 0.005590 0.090736 
 C4.5 -0.031756 0.130647 
 KNN -0.059721 0.008523 - 

LogR -0.043065 0.069523 
 SVM 0.020143 0.373354 
 06.Ecoli     
 Bayes 0.323367 0.028424 
 C4.5 -0.050415 0.195588 
 KNN -0.076024 0.165717 
 LogR -0.067158 0.103477 
 SVM -0.029955 0.420563 
 07.Glass Identification   
 Bayes -0.030497 0.113094 
 C4.5 -0.047175 0.005009 - 

KNN -0.060590 0.041355 
 LogR -0.029144 0.085093 
 SVM -0.017433 0.230660 
 08.Haberman's Survival   
 Bayes -0.017197 0.028420 
 C4.5 0.061407 0.000000 + 

KNN 0.022928 0.004643 + 
LogR -0.011743 0.156730 

 SVM -0.002746 0.093389 
  

 
 
 
 
 

 

 
09.ILPD (Indian Liver Patient Dataset) 

Bayes 0.048205 0.000076 + 
C4.5 0.036901 0.032855 

 KNN 0.045357 0.000011 + 
LogR -0.005741 0.381775 

 SVM 0.007720 0.082791 
 10.Ionosphere   
 Bayes -0.217459 0.000000 - 

C4.5 -0.263464 0.000000 - 
KNN -0.193642 0.000000 - 
LogR -0.215711 0.000000 - 
SVM -0.262120 0.000000 - 

11.Iris     
 Bayes -0.094769 0.110640 
 C4.5 -0.120123 0.003011 - 

KNN -0.127546 0.002777 - 
LogR -0.057099 0.002855 - 
SVM -0.120478 0.002568 - 

12.Mammographic Mass   
 Bayes -0.269268 0.000000 - 

C4.5 -0.215881 0.000000 - 
KNN -0.255181 0.000000 - 
LogR -0.278768 0.000000 - 
SVM -0.248589 0.000000 - 

13.Pima Indians Diabetes   
 Bayes -0.098165 0.000000 - 

C4.5 -0.039317 0.000004 - 
KNN -0.088171 0.000000 - 
LogR -0.121470 0.000000 - 
SVM -0.115714 0.000000 - 

14.Seeds     
 Bayes -0.129431 0.000033 - 

C4.5 -0.145315 0.000000 - 
KNN -0.154718 0.000000 - 
LogR -0.174592 0.000000 - 
SVM -0.144753 0.000005 - 

15.Vertebral Column   
 Bayes -0.084834 0.000000 - 

C4.5 -0.108557 0.000000 - 
KNN -0.114606 0.000000 - 
LogR -0.151075 0.000000 - 
SVM -0.157034 0.000000 - 

16.Wine     
 Bayes -0.203871 0.000001 - 

C4.5 -0.169209 0.027217 
 KNN -0.193104 0.000003 - 

LogR -0.203564 0.000000 - 
SVM -0.160474 0.082193 

  
 
 
 
 
   

 

 
17.Credit Approval 

Bayes 0.000785 0.511023 
 C4.5 0.059853 0.000000 + 

KNN -0.008142 0.177818 
 LogR 0.005888 0.360724 
 SVM 0.000000 0.662790 
 18.Cylinder Bands 
 Bayes -0.094367 0.000000 - 

C4.5 -0.068004 0.000000 - 
KNN -0.076106 0.000000 - 
LogR -0.034375 0.000520 - 
SVM -0.083899 0.000000 - 

19.Dermatology   
 Bayes -0.037533 0.091478 
 C4.5 -0.024279 0.155556 
 KNN -0.049075 0.132351 
 LogR -0.027540 0.128958 
 SVM 0.058783 0.055203 
 20.Hepatitis     
 Bayes -0.015172 0.258235 
 C4.5 0.048303 0.007376 + 

KNN 0.012193 0.334489 
 LogR 0.013244 0.434106 
 SVM 0.058816 0.000003 + 

21.Horse Colic   
 Bayes 0.041042 0.001190 + 

C4.5 0.054880 0.000023 + 
KNN 0.027723 0.011515 + 
LogR 0.040803 0.008376 + 
SVM -0.019747 0.063515 

 22.Statlog (Australian Credit Approval) 
Bayes -0.006290 0.334724 

 C4.5 0.052717 0.000000 + 
KNN -0.011413 0.023114 - 
LogR 0.001077 0.202079 

 SVM 0.000000 0.662790 
 23.Statlog (Heart)   
 Bayes -0.257124 0.000000 - 

C4.5 -0.165458 0.000000 - 
KNN -0.246193 0.000000 - 
LogR -0.276749 0.000000 - 
SVM -0.281919 0.000000 - 

24.Teaching Assistant Evaluation 
 Bayes -0.022158 0.339823 
 C4.5 -0.080104 0.007047 - 

KNN -0.047481 0.095590 
 LogR -0.002053 0.096643 
 SVM -0.019036 0.317185 
 



42 

 

 

 

Figure 19 Linear projection - Breast Cancer Wisconsin (Original) dataset 

First, we select the Breast Cancer Wisconsin (Original) dataset to discuss the 
result of posMAL. Even though the average p value of accuracy of naïve Bayes, k 
nearest neighbor, logistic regression, or SVM shown in Table 7 are indifferent from 
posMAL, we choose this dataset due to the fact that the result compared with 
C4.5 is significantly better. The linear projection of this dataset is shown in Figure 
19 which the circles represents the positive instances and the squares represents 
the negative instances. It obviously displays a cluster in the data, where the 
positive instances stay closely in the center of the cluster; as a result, posMAL 
can effectively partition negative instances at the beginning phase.  
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Figure 20 Linear projection - ILPD dataset (Indian Liver Patient Dataset) 

Likewise, the ILPD dataset is selected from the Table 8 as the average p value 
of negMAL is significantly better than Bayes, and C4.5. The result is equivalence 
to k nearest neighbor, logistic regression, and SVM. The negative instances in 
Figure 20 assemble in the center of the cluster of the data. Therefore, negMAL 
which is used partition the positive instances in the first levels will also yield a 
desirable result.  

 

Figure 21 Scatter plots - Breast Cancer Wisconsin (Original) dataset 
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Figure 22 Scatter plots - ILPD dataset (Indian Liver Patient Dataset) 

 

The scatter plots of the Breast Cancer Wisconsin (Original) dataset and the 
ILPD dataset are shown in Figure 21 and Figure 22, respectively. In each axis, we 
can clearly see that the positive instances of Breast Cancer Wisconsin (Original) 
dataset mostly locate close to the center. The negative instances of ILPD dataset 
stay closely in a group as well. Hence, posMAL and negMAL are able to partition 
these datasets well. 

We notice that for the datasets that we select, Breast Cancer Wisconsin 
(Original) dataset and ILPD dataset have the similar pattern; where the data stays 
closely in a group. 
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Figure 23 Linear projection - Mammographic Mass dataset 

The Mammographic Mass dataset, on the other hand, demonstrates that the 
data scatters with no specific direction like the first two datasets. Also, we can 
see that the data do not stay together in a group. The linear projection is in line 
with the average p value of accuracy for both posMAL and negMAL in Table 7 
and Table 8. In Table 7 of posMAL, it shows that the result of this dataset is 
inferior to naïve Bayes, C4.5, k nearest neighbor, logistic regression and SVM with 
the average p value of accuracy of 0. In addition, for negMAL in Table 8, it shows 
that the result of this dataset is inferior to naïve Bayes, C4.5, k nearest neighbor, 
logistic regression and SVM with the average p value of accuracy of 0. 
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Figure 24 Scatter plots - Mammographic Mass dataset 

Figure 24 is the scatter plots of the Mammographic Mass dataset. The data on 
each axis is different from that of the Breast Cancer Wisconsin (Original) dataset 
and the ILPD dataset that we mentioned earlier. In this dataset, the positive 
instances can hardly be separate from the negative instances as they are 
overlapped. Due to this fact, it is difficult for MAL to effectively partition the 
dataset. 
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Table 9 The average accuracy C4.5 and MAL 

Average of CA Learner   
DB C4.5 NegMAL PosMAL 
01.Blood Transfusion Service Center 0.716333 0.760126 0.762867 
02.Breast Cancer Wisconsin (Diagnostic) 0.917288 0.898526 0.904325 
03.Breast Cancer Wisconsin (Original) 0.940744 0.9563 0.964881 
04.Breast Cancer Wisconsin (Prognostic) 0.661255 0.767291 0.765372 
05.Breast Tissue 0.86928 0.837524 0.83374 
06.Ecoli 0.937836 0.887421 0.922881 
07.Glass Identification 0.880781 0.833606 0.838817 
08.Haberman's Survival 0.674966 0.736373 0.743136 
09.ILPD (Indian Liver Patient Dataset) 0.675194 0.712095 0.710479 
10.Ionosphere 0.922461 0.658998 0.669259 
11.Iris 0.958611 0.838488 0.896466 
12.Mammographic Mass 0.763267 0.547386 0.548045 
13.Pima Indians Diabetes 0.689179 0.649862 0.647505 
14.Seeds 0.94494 0.799625 0.836177 
15.Vertebral Column 0.791891 0.683333 0.751859 
16.Wine 0.946733 0.777525 0.770231 
17.Credit Approval 0.796548 0.856401 0.856401 
18.Cylinder Bands (Continuous 
attributes) 

0.661908 0.593904 0.602418 

19.Dermatology 0.96275 0.938471 0.938471 
20.Hepatitis 0.78595 0.834253 0.834253 
21.Horse Colic 0.76509 0.81997 0.81997 
22.Statlog (Australian Credit Approval) 0.801198 0.853915 0.853915 
23.Statlog (Heart) 0.717078 0.55162 0.551569 
24.Teaching Assistant Evaluation 0.744362 0.664258 0.66598 
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Figure 25 The tree of negMAL - Statlog (Australian Credit Approval) 
dataset 

 

Figure 26 The tree of posMAL - Statlog (Australian Credit Approval) 
dataset 
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Figure 27 The tree of C4.5 - Statlog (Australian Credit Approval) dataset 

 The comparison of C4.5 and MAL 

Table 9 summarizes the value of the average accuracy of C4.5 and MAL, 
which the value in bold font represents the better outcome for each dataset. In 
order to further discuss the result between C4.5 and MAL, we select to focus on 
the Statlog (Australian Credit Approval) dataset, which the average accuracy value 
of both posMAL and negMAL of 0.853915 is better than that of C4.5 of 0.801198. 

As we can see in at the first level of Figure 25, Figure 26, Figure 27, all of the 
trees use the attribute A8, which is the discrete attribute. For the latter levels, 
negMAL in Figure 25 and posMAL in Figure 26 give the result with the higher 
purity rate than Figure 27 that is split by C4.5.  

In Figure 25, the root node contains the attribute A8 which splits instances 
into 361 and 329 instances. After that, the nodes at the deeper levels are split by 
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negMAL; for example, node with the attribute A8=1 is split to 236, 123 and 2 
instances and node with the attribute A12=2 is split to 267, 17 and 1 instances. 

In Figure 26, the root node contains the attribute A8 which also splits the 
instances into 361 and 329 instances. Then, the latter nodes are split by posMAL; 
for example, node with the attribute A9=0 is split to 118, 10 and 5 instances and 
node with the attribute A9=1 is split to 156, 71 and 1 instances. 

In Figure 27 of C4.5, the root node contains attribute A8 which splits the 
instances in the same way as the first two algorithms. However, we can obviously 
see that C4.5 does not effectively split the instances at the next levels; for 
example, node with the attribute A8=0 is split to 328 and 1 instances and node 
with the attribute A8=1 is split to 359 and 2 instances. When we compare C4.5 
against negMAL and posMAL, a number of instances split by C4.5 displays that 
C4.5 is only able to split a few instances at one level of the tree. 

 

 



 
 

 

CHAPTER V 
CONCLUSION

In this thesis, we introduced the new algorithm called multi-attributed lens 
(MAL). This algorithm uses two types of lens including positive lens (posMAL) and 
negative lens (negMAL). We performed a test based on the UCI datasets and 
compared the result against the other algorithms, using t-test as an indicator of 
the result.  

From the experiment, we evaluated the performance of our algorithm 
compared with the other existing algorithms in terms of the average p value of 
accuracy of posMAL and negMAL. We found that, for posMAL, our algorithm is 
better than the other algorithms in 8 datasets which are Blood Transfusion 
Service Center, Breast Cancer Wisconsin (Original), Breast Cancer Wisconsin 
(Prognostic), Haberman's Survival, ILPD (Indian Liver Patient Dataset), Credit 
Approval, Hepatitis, and Horse Colic. 

For negMAL, our algorithm is better than the other algorithms in 7 datasets 
which are Breast Cancer Wisconsin (Original), Breast Cancer Wisconsin (Prognostic), 
Haberman's Survival, ILPD (Indian Liver Patient Dataset), Credit Approval, Hepatitis, 
and Horse Colic. 

The observation throughout this thesis shows that there are some similarities 
in the characteristics of the datasets which the result from our algorithms is 
superior.  

Firstly, the better outcome is displayed with the datasets having instances 
mostly clustered in the center of the group, enabling the lens to effectively 
partition the instances. In case of posMAL as shown in Figure 28, the positive 
instances are clustered in the center; therefore, the positive lens can leave out a 
high number of negative instances. For negMAL, if the negative instances are 
closely positioned; then, the negative lens can effectively partition these 
instances. 
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On the other hand, the datasets with the data that are widely spread show 
the inferior result. As shown in Figure 29, the positive and negative instances do 
not stay in a group and they scattered without the specific pattern. Hence, when 
we apply MAL, the lens can barely partition the dataset and only cut down a few 
numbers of instances. 

 

Figure 28 The positive instances stay in the center partitioning by 
posMAL 
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Figure 29 The scattering instances is split by posMAL 

In addition, we compared accuracy between C4.5 and our algorithm which 
both are decision trees. In our experiment, the examples we chose, which MAL 
has higher accuracy than C4.5, demonstrated that the trees for the same dataset 
has the better outcome. That was due to the fact that MAL was able to split the 
nodes with greater purity rate than that using C4.5. If the tree can partition more 
instances at one level of the tree, it will lead to the more desirable result as the 
model will not be overfitted.  

 

 



 

 

54 

 Future work 

Throughout the experiment, we found that our algorithm can partition the 
dataset at a high gain ratio at the first levels of the tree. However, at the deeper 
levels, the tree can hardly be partitioned, resulting in a high number of 
ineffective nodes which lead to the overfitted problem. This algorithm, hence, 
requires the solution to overcome such problems; for example, the criteria are 
needed to be set up to prune the tree. Then, the adaptive classifiers, such as k 
nearest neighbor, shall be used to further deal with the pruned node. 

Also, the dataset that has the outliers may lead the tree to be tall; therefore, 
the outlier should be properly handled in order to deal with this problem. 

Lastly, the positive cluster and negative cluster may locate in the dataset at 
the same time; mix lens is a suggestion to deal with this type of dataset. The 
algorithm of mix lens will compare between positive lens and negative lens, and 
select the lens that has higher gain ratio to be used for partitioning. 
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APPENDIX A AVERAGE VALUE OF PERFORMANCE MEASURES 

Table 10 Average value of accuracy for each dataset and classifier 

Accuracy Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.75615 0.71633 0.77110 0.77199 0.76013 0.76287 0.76064 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.94424 0.91729 0.97088 0.95763 0.89853 0.90433 0.94928 

03.Breast Cancer Wisconsin (Original) 0.97115 0.94074 0.96675 0.96132 0.95630 0.96488 0.96394 
04.Breast Cancer Wisconsin 
(Prognostic) 

0.67479 0.66126 0.77081 0.78904 0.76729 0.76537 0.76904 

05.Breast Tissue 0.83193 0.86928 0.89725 0.88059 0.83752 0.83374 0.81738 
06.Ecoli 0.56405 0.93784 0.96345 0.95458 0.88742 0.92288 0.91738 
07.Glass Identification 0.86410 0.88078 0.89420 0.86275 0.83361 0.83882 0.85104 
08.Haberman’s Survival 0.75357 0.67497 0.71345 0.74812 0.73637 0.74314 0.73912 
09.ILPD (Indian Liver Patient Dataset) 0.66389 0.67519 0.66674 0.71784 0.71210 0.71048 0.70437 
10.Ionosphere 0.87646 0.92246 0.85264 0.87471 0.65900 0.66926 0.92112 
11.Iris 0.93326 0.95861 0.96603 0.89559 0.83849 0.89647 0.95897 
12.Mammographic Mass 0.81665 0.76327 0.80257 0.82615 0.54739 0.54805 0.79597 
13.Pima Indians Diabetes 0.74803 0.68918 0.73803 0.77133 0.64986 0.64751 0.76558 
14.Seeds 0.92906 0.94494 0.95434 0.97422 0.79963 0.83618 0.94438 
15.Vertebral Column 0.76817 0.79189 0.79794 0.83441 0.68333 0.75186 0.84037 
16.Wine 0.98140 0.94673 0.97063 0.98109 0.77752 0.77023 0.93800 

17.Credit Approval 0.85562 0.79655 0.86454 0.85051 0.85640 0.85640 0.85640 
18.Cylinder Bands (Continuous 
attributes) 

0.68827 0.66191 0.67001 0.62828 0.59390 0.60242 0.67780 

19.Dermatology 0.97600 0.96275 0.98755 0.96601 0.93847 0.93847 0.87969 
20.Hepatitis 0.84943 0.78595 0.82206 0.82101 0.83425 0.83425 0.77544 
21.Horse Colic 0.77893 0.76509 0.79225 0.77917 0.81997 0.81997 0.83972 
22.Statlog (Australian Credit Approval) 0.86021 0.80120 0.86533 0.85284 0.85392 0.85392 0.85392 
23.Statlog (Heart) 0.80874 0.71708 0.79781 0.82837 0.55162 0.55157 0.83354 
24.Teaching Assistant Evaluation 0.68642 0.74436 0.71174 0.66631 0.66426 0.66598 0.68329 
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Table 11 Average value of sensitivity for each dataset and classifier 

Average of Sensitivity Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.39449 0.30893 0.30635 0.12949 0.00415 0.03300 0.00000 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.96225 0.92234 0.98943 0.98903 0.97148 0.97817 0.97103 

03.Breast Cancer Wisconsin (Original) 0.97786 0.89755 0.94879 0.93557 0.96148 0.97851 0.93667 
04.Breast Cancer Wisconsin 
(Prognostic) 

0.48028 0.41917 0.33929 0.50903 0.01681 0.08851 0.00000 

05.Breast Tissue 0.82034 0.91836 0.95504 0.96247 0.98496 0.98650 1.00000 
06.Ecoli 0.54881 0.96168 0.98036 0.97807 0.90505 0.95905 0.99459 

07.Glass Identification 0.87227 0.91941 0.93677 0.94308 0.98078 0.98737 0.96046 
08.Haberman’s Survival 0.20443 0.36076 0.20911 0.19696 0.00200 0.16476 0.00000 
09.ILPD (Indian Liver Patient Dataset) 0.69868 0.43997 0.26164 0.26545 0.00100 0.00033 0.04749 
10.Ionosphere 0.89371 0.93336 0.97916 0.93780 0.89286 0.99492 0.97077 
11.Iris 0.91093 0.96903 0.97366 0.93477 0.87356 0.93486 0.96877 
12.Mammographic Mass 0.86908 0.70883 0.80512 0.82735 0.03064 0.05962 0.81278 
13.Pima Indians Diabetes 0.66316 0.56810 0.52552 0.56586 0.00388 0.00521 0.53938 
14.Seeds 0.91491 0.96065 0.96776 0.98108 0.94876 0.84302 0.95908 
15.Vertebral Column 0.84715 0.67292 0.68493 0.68153 0.02257 0.90965 0.73340 
16.Wine 0.98591 0.95533 0.97914 0.98276 0.94041 0.96668 0.98902 
17.Credit Approval 0.89038 0.82483 0.88210 0.84531 0.80153 0.80153 0.80153 
18.Cylinder Bands (Continuous 
attributes) 

0.78731 0.71009 0.67831 0.74900 0.99011 0.99674 0.81096 

19.Dermatology 0.98572 0.97569 0.99453 0.96861 0.98829 0.98829 0.99994 
20.Hepatitis 0.89749 0.84531 0.90861 0.90201 0.95203 0.95203 1.00000 
21.Horse Colic 0.76169 0.67494 0.67595 0.70934 0.80909 0.80909 0.72093 
22.Statlog (Australian Credit Approval) 0.82404 0.77905 0.84999 0.85896 0.92456 0.92456 0.92456 
23.Statlog (Heart) 0.85741 0.71481 0.76412 0.78964 0.00775 0.00208 0.79363 
24.Teaching Assistant Evaluation 0.84939 0.79497 0.82746 0.85371 0.97814 0.99206 0.92280 
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Table 12 Average value of specificity for each dataset and classifier 

Average of Specificity Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.86994 0.84455 0.91735 0.97418 0.99803 0.99256 1.00000 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.91453 0.90899 0.94019 0.90581 0.77814 0.78245 0.91338 

03.Breast Cancer Wisconsin (Original) 0.96764 0.96337 0.97614 0.97482 0.95361 0.95775 0.97822 
04.Breast Cancer Wisconsin 
(Prognostic) 

0.73392 0.73455 0.90141 0.87301 0.99297 0.96886 1.00000 

05.Breast Tissue 0.89049 0.63234 0.62347 0.48274 0.15327 0.12437 0.00000 
06.Ecoli 0.97113 0.53732 0.61927 0.59072 0.22560 0.37115 0.11912 
07.Glass Identification 0.69957 0.60244 0.54854 0.40578 0.09357 0.11898 0.14107 
08.Haberman’s Survival 0.94735 0.78591 0.89139 0.94259 0.99557 0.94734 1.00000 
09.ILPD (Indian Liver Patient Dataset) 0.64981 0.77032 0.83063 0.90084 0.99973 0.99773 0.97013 
10.Ionosphere 0.84565 0.90291 0.62611 0.76170 0.24045 0.08644 0.83222 
11.Iris 0.97792 0.93778 0.95079 0.81722 0.76833 0.81968 0.93935 
12.Mammographic Mass 0.77133 0.81033 0.80036 0.82512 0.99412 0.97031 0.78145 
13.Pima Indians Diabetes 0.79375 0.75442 0.85251 0.88204 0.99789 0.99354 0.88744 
14.Seeds 0.95734 0.91353 0.92751 0.96048 0.50136 0.82249 0.91498 
15.Vertebral Column 0.73056 0.84854 0.85175 0.90721 0.99798 0.67672 0.89130 
16.Wine 0.97727 0.92896 0.96366 0.98021 0.43118 0.37294 0.80868 
17.Credit Approval 0.81267 0.76165 0.84284 0.85699 0.92426 0.92426 0.92426 
18.Cylinder Bands (Continuous 
attributes) 

0.55419 0.59673 0.65883 0.46483 0.05731 0.06844 0.49751 

19.Dermatology 0.91881 0.89365 0.94973 0.95037 0.66933 0.66933 0.16538 
20.Hepatitis 0.68558 0.58178 0.52407 0.54342 0.42863 0.42863 0.00000 
21.Horse Colic 0.78885 0.81639 0.85840 0.81896 0.82603 0.82603 0.90730 
22.Statlog (Australian Credit Approval) 0.88885 0.81875 0.87752 0.84802 0.79802 0.79802 0.79802 
23.Statlog (Heart) 0.76981 0.71889 0.82477 0.85935 0.98671 0.99116 0.86546 
24.Teaching Assistant Evaluation 0.36545 0.64367 0.47994 0.29926 0.04565 0.02580 0.20608 
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Table 13 Average value of area under ROC curve for each dataset and classifier 

Average of AUC Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.72953 0.58507 0.70755 0.75172 0.49694 0.51125 0.50000 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.98136 0.91567 0.99201 0.99079 0.88056 0.91300 0.98936 

03.Breast Cancer Wisconsin (Original) 0.99303 0.93046 0.99135 0.99371 0.96436 0.97626 0.99367 
04.Breast Cancer Wisconsin 
(Prognostic) 

0.66177 0.57686 0.64271 0.80852 0.50476 0.53567 0.50000 

05.Breast Tissue 0.91120 0.77535 0.91707 0.86173 0.71343 0.74620 0.50000 
06.Ecoli 0.88754 0.74950 0.84929 0.82539 0.68250 0.72206 0.62364 

07.Glass Identification 0.89046 0.76092 0.88759 0.85449 0.63127 0.63977 0.59987 
08.Haberman’s Survival 0.66516 0.56729 0.62399 0.64206 0.49009 0.55598 0.50000 
09.ILPD (Indian Liver Patient Dataset) 0.74255 0.63986 0.64977 0.74691 0.53749 0.61698 0.66239 
10.Ionosphere 0.93012 0.91814 0.92822 0.85921 0.61348 0.53718 0.95538 
11.Iris 0.98481 0.95340 0.99568 0.92845 0.89171 0.93430 0.98692 
12.Mammographic Mass 0.89915 0.77883 0.86438 0.89577 0.53987 0.55316 0.86852 
13.Pima Indians Diabetes 0.82592 0.66228 0.79435 0.82542 0.49985 0.53652 0.82899 
14.Seeds 0.98404 0.93709 0.99328 0.99610 0.81745 0.88201 0.98706 
15.Vertebral Column 0.86579 0.76073 0.87196 0.89919 0.61882 0.80806 0.91060 
16.Wine 0.99879 0.94215 0.99861 0.99750 0.79131 0.82555 0.91499 
17.Credit Approval 0.91184 0.79471 0.91451 0.91430 0.86290 0.86290 0.92320 
18.Cylinder Bands (Continuous 
attributes) 

0.75259 0.66142 0.72104 0.65996 0.52165 0.53009 0.72881 

19.Dermatology 0.95983 0.94293 0.99875 0.98328 0.89660 0.89705 0.58333 
20.Hepatitis 0.89075 0.71354 0.80969 0.81669 0.69319 0.69319 0.50000 
21.Horse Colic 0.82011 0.74875 0.82927 0.81355 0.81756 0.81756 0.86938 
22.Statlog (Australian Credit Approval) 0.91863 0.80082 0.91507 0.92181 0.86129 0.86129 0.92203 
23.Statlog (Heart) 0.89640 0.71685 0.87311 0.89982 0.50255 0.49467 0.90196 
24.Teaching Assistant Evaluation 0.68968 0.72682 0.74019 0.67314 0.54575 0.53250 0.68852 
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Table 14 Average value of information score for each dataset and classifier 

Average of Information Score Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.07383 0.05247 0.08421 0.07652 0.00407 0.01515 - 0.00034 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.84013 0.78346 0.84362 0.75379 1.99619 2.13226 0.80889 

03.Breast Cancer Wisconsin (Original) 0.86534 0.80106 0.82777 0.82769 4.23712 2.37325 0.81936 
04.Breast Cancer Wisconsin 
(Prognostic) 

- 0.04392 - 0.06668 - 0.02894 0.08495 0.12401 0.10245 - 0.04793 

05.Breast Tissue 0.18724 0.31027 0.33246 0.19356 1.72157 2.78347 - 0.01788 
06.Ecoli - 2.05750 0.25568 0.27411 0.26536 1.89234 4.88058 0.06604 

07.Glass Identification 0.10679 0.25491 0.21565 0.07826 0.60117 1.72636 0.03973 
08.Haberman’s Survival 0.06882 0.02231 0.02606 0.04497 0.01595 0.04359 - 0.01841 
09.ILPD (Indian Liver Patient Dataset) 0.08987 0.13098 0.00789 0.10371 0.30287 0.15043 0.01896 
10.Ionosphere 0.67401 0.77698 0.59860 0.65567 0.39862 0.15496 0.67901 
11.Iris 0.75977 0.82849 0.83381 0.65345 3.66952 4.85523 0.74704 
12.Mammographic Mass 0.60513 0.51035 0.46901 0.49171 0.22755 0.31220 0.44708 
13.Pima Indians Diabetes 0.33871 0.27010 0.26504 0.30477 0.01802 0.04021 0.29237 
14.Seeds 0.75525 0.79882 0.79763 0.68133 1.86879 3.79594 0.73150 
15.Vertebral Column 0.37875 0.45054 0.36929 0.24093 0.95642 0.66875 0.42505 
16.Wine 0.86634 0.79843 0.83070 0.86736 1.75427 3.16456 0.68595 
17.Credit Approval 0.66112 0.58148 0.59636 0.61562 0.55396 0.55396 0.57481 
18.Cylinder Bands (Continuous 
attributes) 

0.27044 0.29131 0.16559 0.12088 0.03713 0.15187 0.15944 

19.Dermatology 0.55825 0.52208 0.55461 0.52458 3.80435 3.80799 0.12439 
20.Hepatitis 0.38354 0.22739 0.22122 0.28102 0.21357 0.21357 0.01538 
21.Horse Colic 0.46580 0.44635 0.36889 0.41250 0.39007 0.39007 0.43858 
22.Statlog (Australian Credit Approval) 0.66845 0.58825 0.59962 0.61321 0.54920 0.54920 0.56813 
23.Statlog (Heart) 0.54980 0.42016 0.50258 0.55752 0.04407 - 0.00385 0.52153 
24.Teaching Assistant Evaluation 0.11705 0.36999 0.21391 0.08823 0.19900 0.17543 0.07746 
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Table 15 Average value of F-measure for each dataset and classifier 

Average of F-measure Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.43496 0.34087 0.38842 0.21059 0.00789 0.06066 0.00000 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.95553 0.93257 0.97699 0.96686 0.92274 0.92739 0.95981 

03.Breast Cancer Wisconsin (Original) 0.95899 0.91206 0.95139 0.94314 0.93792 0.95056 0.94674 
04.Breast Cancer Wisconsin 
(Prognostic) 

0.40097 0.35892 0.39728 0.52048 0.02753 0.13961 0.00000 

05.Breast Tissue 0.88298 0.91936 0.93889 0.93053 0.90853 0.90655 0.89898 
06.Ecoli 0.59547 0.96011 0.97735 0.97204 0.90554 0.94950 0.95314 

07.Glass Identification 0.90055 0.91838 0.92780 0.91066 0.90122 0.90462 0.90607 
08.Haberman’s Survival 0.29611 0.36123 0.26864 0.28295 0.00328 0.22319 0.00000 
09.ILPD (Indian Liver Patient Dataset) 0.54476 0.42951 0.30981 0.34671 0.00194 0.00056 0.06876 
10.Ionosphere 0.90251 0.93899 0.89529 0.90588 0.76058 0.79434 0.94057 
11.Iris 0.94587 0.96888 0.97447 0.92458 0.86990 0.92334 0.96913 
12.Mammographic Mass 0.81480 0.73439 0.79083 0.81521 0.05592 0.07949 0.78691 
13.Pima Indians Diabetes 0.64793 0.56058 0.58223 0.63282 0.00741 0.00972 0.61568 
14.Seeds 0.94421 0.95876 0.96587 0.98066 0.86778 0.86709 0.95824 
15.Vertebral Column 0.70265 0.67307 0.68478 0.72199 0.04185 0.67894 0.74597 
16.Wine 0.98548 0.95888 0.97727 0.98513 0.84930 0.84887 0.96077 
17.Credit Approval 0.87221 0.81730 0.87801 0.86216 0.86022 0.86022 0.86022 
18.Cylinder Bands (Continuous 
attributes) 

0.74337 0.70597 0.70171 0.69756 0.73723 0.74258 0.74250 

19.Dermatology 0.98562 0.97741 0.99248 0.97907 0.96509 0.96509 0.93444 
20.Hepatitis 0.90183 0.85836 0.88717 0.88587 0.89924 0.89924 0.87343 
21.Horse Colic 0.71448 0.67440 0.70071 0.69913 0.76551 0.76551 0.76411 
22.Statlog (Australian Credit Approval) 0.83886 0.77550 0.84778 0.83762 0.84844 0.84844 0.84844 
23.Statlog (Heart) 0.79959 0.69135 0.76996 0.80311 0.01435 0.00368 0.80863 
24.Teaching Assistant Evaluation 0.78077 0.80265 0.79023 0.77120 0.79375 0.79717 0.79353 
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Table 16 Average value of precision for each dataset and classifier 

Average of Precision Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.49562 0.38678 0.54935 0.61785 0.10917 0.50256 0.00000 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.94937 0.94412 0.96512 0.94601 0.87978 0.88216 0.94934 

03.Breast Cancer Wisconsin (Original) 0.94151 0.92881 0.95490 0.95209 0.91661 0.92483 0.95821 
04.Breast Cancer Wisconsin 
(Prognostic) 

0.35435 0.32526 0.51599 0.56928 0.10139 0.43968 0.00000 

05.Breast Tissue 0.97285 0.92465 0.92585 0.90395 0.84561 0.84054 0.81738 
06.Ecoli 0.68083 0.95947 0.97486 0.96659 0.94063 0.94562 0.91860 

07.Glass Identification 0.93779 0.91954 0.92163 0.88395 0.84272 0.84293 0.86062 
08.Haberman’s Survival 0.61026 0.37702 0.39891 0.58001 0.01000 0.46723 0.00000 
09.ILPD (Indian Liver Patient Dataset) 0.44840 0.43720 0.38972 0.52554 0.04167 0.00185 0.22606 
10.Ionosphere 0.91365 0.94656 0.82546 0.87767 0.69245 0.66126 0.91305 
11.Iris 0.98835 0.97053 0.97641 0.91724 0.91749 0.92292 0.97102 
12.Mammographic Mass 0.76889 0.76433 0.77914 0.80523 0.76273 0.74026 0.76441 
13.Pima Indians Diabetes 0.63711 0.55721 0.65964 0.72532 0.11953 0.09099 0.72522 
14.Seeds 0.97783 0.95852 0.96555 0.98096 0.81386 0.91779 0.95905 
15.Vertebral Column 0.60337 0.68271 0.69336 0.78425 0.37847 0.54345 0.76723 
16.Wine 0.98589 0.96453 0.97738 0.98826 0.78983 0.76619 0.94033 
17.Credit Approval 0.85609 0.81163 0.87520 0.88134 0.92963 0.92963 0.92963 
18.Cylinder Bands (Continuous 
attributes) 

0.70615 0.70666 0.73012 0.65469 0.58732 0.59175 0.68725 

19.Dermatology 0.98589 0.97960 0.99061 0.99055 0.94526 0.94526 0.87956 
20.Hepatitis 0.91020 0.87654 0.86976 0.87504 0.85349 0.85349 0.77544 
21.Horse Colic 0.67776 0.68105 0.73517 0.69563 0.72951 0.72951 0.82143 
22.Statlog (Australian Credit Approval) 0.85612 0.77476 0.84765 0.81874 0.78459 0.78459 0.78459 
23.Statlog (Heart) 0.75303 0.67450 0.78263 0.82345 0.12290 0.01722 0.82970 
24.Teaching Assistant Evaluation 0.72634 0.81861 0.76213 0.70862 0.66855 0.66663 0.70074 
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Table 17 Average value of recall for each dataset and classifier 

Average of Recall Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.39449 0.30893 0.30635 0.12949 0.00415 0.03300 0.00000 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.96225 0.92234 0.98943 0.98903 0.97148 0.97817 0.97103 

03.Breast Cancer Wisconsin (Original) 0.97786 0.89755 0.94879 0.93557 0.96148 0.97851 0.93667 
04.Breast Cancer Wisconsin 
(Prognostic) 

0.48028 0.41917 0.33929 0.50903 0.01681 0.08851 0.00000 

05.Breast Tissue 0.82034 0.91836 0.95504 0.96247 0.98496 0.98650 1.00000 
06.Ecoli 0.54881 0.96168 0.98036 0.97807 0.90505 0.95905 0.99459 

07.Glass Identification 0.87227 0.91941 0.93677 0.94308 0.98078 0.98737 0.96046 
08.Haberman’s Survival 0.20443 0.36076 0.20911 0.19696 0.00200 0.16476 0.00000 
09.ILPD (Indian Liver Patient Dataset) 0.69868 0.43997 0.26164 0.26545 0.00100 0.00033 0.04749 
10.Ionosphere 0.89371 0.93336 0.97916 0.93780 0.89286 0.99492 0.97077 
11.Iris 0.91093 0.96903 0.97366 0.93477 0.87356 0.93486 0.96877 
12.Mammographic Mass 0.86908 0.70883 0.80512 0.82735 0.03064 0.05962 0.81278 
13.Pima Indians Diabetes 0.66316 0.56810 0.52552 0.56586 0.00388 0.00521 0.53938 
14.Seeds 0.91491 0.96065 0.96776 0.98108 0.94876 0.84302 0.95908 
15.Vertebral Column 0.84715 0.67292 0.68493 0.68153 0.02257 0.90965 0.73340 
16.Wine 0.98591 0.95533 0.97914 0.98276 0.94041 0.96668 0.98902 
17.Credit Approval 0.89038 0.82483 0.88210 0.84531 0.80153 0.80153 0.80153 
18.Cylinder Bands (Continuous 
attributes) 

0.78731 0.71009 0.67831 0.74900 0.99011 0.99674 0.81096 

19.Dermatology 0.98572 0.97569 0.99453 0.96861 0.98829 0.98829 0.99994 
20.Hepatitis 0.89749 0.84531 0.90861 0.90201 0.95203 0.95203 1.00000 
21.Horse Colic 0.76169 0.67494 0.67595 0.70934 0.80909 0.80909 0.72093 
22.Statlog (Australian Credit Approval) 0.82404 0.77905 0.84999 0.85896 0.92456 0.92456 0.92456 
23.Statlog (Heart) 0.85741 0.71481 0.76412 0.78964 0.00775 0.00208 0.79363 
24.Teaching Assistant Evaluation 0.84939 0.79497 0.82746 0.85371 0.97814 0.99206 0.92280 
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Table 18 Average value of Brier score for each dataset and classifier 

Average of Brier score Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.32908 0.54321 0.33341 0.31016 0.39457 0.40101 0.36414 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.10289 0.16542 0.05388 0.07633 1,716.27 1,989.71 0.07024 

03.Breast Cancer Wisconsin (Original) 0.05071 0.11851 0.05142 0.05724 30,149.6 7,175.90 0.05393 
04.Breast Cancer Wisconsin 
(Prognostic) 

0.53359 0.67749 0.36491 0.30079 6.07295 4.38777 0.35564 

05.Breast Tissue 0.29008 0.26144 0.15305 0.17780 439.0865 854.1442 0.29703 
06.Ecoli 0.79864 0.12433 0.06170 0.06904 4,592.68 30,081.2 0.13930 

07.Glass Identification 0.19824 0.23844 0.15263 0.19071 674.9035 2,611.27 0.22171 
08.Haberman’s Survival 0.36185 0.64837 0.40281 0.37366 1.83564 1.35370 0.38574 
09.ILPD (Indian Liver Patient Dataset) 0.46991 0.58852 0.40628 0.34981 60.77842 45.97653 0.38913 
10.Ionosphere 0.21836 0.15508 0.22752 0.21777 26.92106 3.52444 0.12732 
11.Iris 0.09835 0.08278 0.04937 0.13682 1,479.09 2,596.77 0.07095 
12.Mammographic Mass 0.28268 0.43937 0.29489 0.25178 22.93055 52.71337 0.28946 
13.Pima Indians Diabetes 0.34659 0.61913 0.34956 0.31976 2.14627 6.18186 0.31884 
14.Seeds 0.11390 0.11012 0.06057 0.07657 682.7313 3,247.35 0.08333 
15.Vertebral Column 0.34699 0.41622 0.27523 0.28210 300.9584 412.4655 0.22629 
16.Wine 0.03029 0.10653 0.04304 0.03081 406.6937 1,590.49 0.09785 
17.Credit Approval 0.23300 0.40522 0.21786 0.22057 0.23754 0.23754 0.22550 
18.Cylinder Bands (Continuous 
attributes) 

0.41272 0.64642 0.43052 0.45514 1.31169 5.03086 0.41698 

19.Dermatology 0.04366 0.07050 0.02103 0.05869 21,359.3 21,360.5 0.20206 
20.Hepatitis 0.26333 0.42810 0.28119 0.29469 3.00743 3.00743 0.34894 
21.Horse Colic 0.36376 0.46610 0.30833 0.34220 0.28576 0.28576 0.25041 
22.Statlog (Australian Credit Approval) 0.22325 0.39546 0.21343 0.20972 0.23949 0.23949 0.22799 
23.Statlog (Heart) 0.27476 0.56584 0.29861 0.25522 1.12466 0.60432 0.24726 
24.Teaching Assistant Evaluation 0.41651 0.49291 0.39436 0.42421 5.37952 4.70358 0.41074 
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Table 19 Average value of MCC for each dataset and classifier 

Average of MCC Classifier 

Dataset Bayes C4.5 KNN LogReg NegMAL PosMAL SVM 
01.Blood Transfusion Service Center 0.28822 0.16684 0.28132 0.20105 0.00954 0.08670 0.00000 
02.Breast Cancer Wisconsin 
(Diagnostic) 

0.88165 0.82729 0.93840 0.91060 0.78651 0.79858 0.89237 

03.Breast Cancer Wisconsin (Original) 0.93758 0.86861 0.92663 0.91460 0.90556 0.92469 0.92025 
04.Breast Cancer Wisconsin 
(Prognostic) 

0.19584 0.14268 0.28087 0.39997 0.01897 0.12069 0.00000 

05.Breast Tissue 0.62090 0.55441 0.60555 0.47721 0.15820 0.13516 0.00000 
06.Ecoli 0.41217 0.48262 0.60403 0.57394 0.13053 0.36090 0.11376 

07.Glass Identification 0.52696 0.52793 0.51426 0.37868 0.08766 0.14453 0.11488 
08.Haberman’s Survival 0.23573 0.14967 0.12817 0.21611 - 0.01033 0.15803 0.00000 
09.ILPD (Indian Liver Patient Dataset) 0.31864 0.21046 0.10716 0.21362 0.00377 - 0.00898 0.02828 
10.Ionosphere 0.73698 0.83536 0.68296 0.72601 0.22616 0.19632 0.82896 
11.Iris 0.86990 0.91013 0.92578 0.75841 0.63958 0.78063 0.91057 
12.Mammographic Mass 0.64142 0.52392 0.60591 0.65278 0.08810 0.09064 0.59405 
13.Pima Indians Diabetes 0.45415 0.32224 0.40276 0.48049 0.00745 - 0.00708 0.46490 
14.Seeds 0.85328 0.87891 0.89984 0.94339 0.46756 0.66257 0.87791 
15.Vertebral Column 0.54520 0.52517 0.54063 0.61449 0.06793 0.55286 0.63396 
16.Wine 0.96057 0.88416 0.93883 0.95967 0.39900 0.38820 0.79818 
17.Credit Approval 0.70870 0.58955 0.72702 0.70109 0.72339 0.72339 0.72339 
18.Cylinder Bands (Continuous 
attributes) 

0.35436 0.30995 0.33597 0.22515 0.12164 0.18006 0.33046 

19.Dermatology 0.90909 0.86443 0.95199 0.88612 0.66244 0.66244 0.16564 
20.Hepatitis 0.58324 0.41963 0.47272 0.47484 0.46131 0.46131 0.00000 
21.Horse Colic 0.54122 0.49428 0.54649 0.52841 0.62446 0.62446 0.65014 
22.Statlog (Australian Credit Approval) 0.71708 0.59896 0.72847 0.70503 0.71900 0.71900 0.71900 
23.Statlog (Heart) 0.62691 0.43477 0.59401 0.65556 - 0.01428 - 0.01812 0.66535 
24.Teaching Assistant Evaluation 0.25007 0.44251 0.33159 0.17637 0.04599 0.04476 0.16256 
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APPENDIX B P VALUE OF PERFORMANCE MEASURES (posMAL) 

Table 20 p value of accuracy for each dataset and classifier (posMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes 0.005 0.497 Bayes 0.047 0.000 + Bayes 0.001 0.589

C4.5 0.045 0.000 + C4.5 0.036 0.037 C4.5 0.060 0.000 +

KNN -0.010 0.035 KNN 0.044 0.000 + KNN -0.008 0.267

LogReg -0.011 0.018 - LogReg -0.007 0.385 LogReg 0.006 0.445

SVM 0.000 0.235 SVM 0.007 0.140 SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.044 0.000 - Bayes -0.210 0.000 - Bayes -0.089 0.000 -

C4.5 -0.017 0.130 C4.5 -0.256 0.000 - C4.5 -0.062 0.000 -

KNN -0.070 0.000 - KNN -0.187 0.000 - KNN -0.070 0.000 -

LogReg -0.057 0.000 - LogReg -0.209 0.000 - LogReg -0.029 0.003 -

SVM -0.049 0.000 - SVM -0.255 0.000 - SVM -0.078 0.000 -

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.009 0.092 Bayes -0.050 0.129 Bayes -0.038 0.095

C4.5 0.021 0.009 + C4.5 -0.075 0.005 - C4.5 -0.024 0.222

KNN -0.005 0.389 KNN -0.083 0.003 - KNN -0.049 0.134

LogReg 0.000 0.432 LogReg -0.012 0.003 - LogReg -0.028 0.152

SVM -0.002 0.498 SVM -0.076 0.008 - SVM 0.059 0.055

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes 0.091 0.000 + Bayes -0.269 0.000 - Bayes -0.015 0.310

C4.5 0.105 0.000 + C4.5 -0.215 0.000 - C4.5 0.048 0.013 +

KNN -0.005 0.458 KNN -0.255 0.000 - KNN 0.012 0.361

LogReg -0.023 0.102 LogReg -0.278 0.000 - LogReg 0.013 0.447

SVM -0.003 0.412 SVM -0.248 0.000 - SVM 0.059 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 0.004 0.097 Bayes -0.099 0.000 - Bayes 0.041 0.001 +

C4.5 -0.033 0.102 C4.5 -0.040 0.000 - C4.5 0.055 0.000 +

KNN -0.061 0.016 - KNN -0.089 0.000 - KNN 0.028 0.017 +

LogReg -0.045 0.103 LogReg -0.122 0.000 - LogReg 0.041 0.011 +

SVM 0.018 0.305 SVM -0.117 0.000 - SVM -0.020 0.096

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.347 0.050 Bayes -0.090 0.005 - Bayes -0.006 0.371

C4.5 -0.027 0.272 C4.5 -0.106 0.012 - C4.5 0.053 0.000 +

KNN -0.053 0.304 KNN -0.115 0.000 - KNN -0.011 0.044

LogReg -0.044 0.172 LogReg -0.135 0.000 - LogReg 0.001 0.305

SVM -0.007 0.390 SVM -0.105 0.009 - SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.027 0.111 Bayes -0.039 0.212 Bayes -0.258 0.000 -

C4.5 -0.043 0.034 C4.5 -0.063 0.041 C4.5 -0.166 0.000 -

KNN -0.057 0.084 KNN -0.069 0.011 - KNN -0.247 0.000 -

LogReg -0.025 0.092 LogReg -0.105 0.000 - LogReg -0.277 0.000 -

SVM -0.014 0.215 SVM -0.111 0.000 - SVM -0.282 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.015 0.120 Bayes -0.208 0.000 - Bayes -0.021 0.356

C4.5 0.064 0.000 + C4.5 -0.173 0.022 - C4.5 -0.079 0.014 -

KNN 0.026 0.004 + KNN -0.197 0.000 - KNN -0.046 0.202

LogReg -0.009 0.231 LogReg -0.207 0.000 - LogReg -0.001 0.073

SVM 0.000 0.333 SVM -0.164 0.038 SVM -0.018 0.197
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Table 21 p value of sensitivity for each dataset and classifier (posMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.381 0.000 - Bayes -0.698 0.000 - Bayes -0.089 0.000 -

C4.5 -0.295 0.000 - C4.5 -0.439 0.000 - C4.5 -0.023 0.067

KNN -0.293 0.000 - KNN -0.261 0.000 - KNN -0.081 0.000 -

LogReg -0.116 0.000 - LogReg -0.265 0.000 - LogReg -0.044 0.000 -

SVM 0.014 0.069 SVM -0.047 0.003 - SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes 0.011 0.214 Bayes 0.067 0.240 Bayes 0.207 0.000 +

C4.5 0.051 0.000 + C4.5 0.027 0.093 C4.5 0.284 0.000 +

KNN -0.016 0.013 - KNN -0.018 0.010 - KNN 0.316 0.000 +

LogReg -0.015 0.010 - LogReg 0.023 0.085 LogReg 0.246 0.000 +

SVM 0.003 0.382 SVM -0.010 0.013 - SVM 0.184 0.000 +

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.006 0.545 Bayes -0.004 0.338 Bayes 0.003 0.080

C4.5 0.074 0.000 + C4.5 -0.062 0.102 C4.5 0.013 0.488

KNN 0.023 0.098 KNN -0.066 0.107 KNN -0.006 0.055

LogReg 0.036 0.015 + LogReg -0.027 0.240 LogReg 0.020 0.173

SVM 0.035 0.052 SVM -0.061 0.112 SVM -0.012 0.016 -

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.420 0.000 - Bayes -0.819 0.000 - Bayes 0.055 0.001 +

C4.5 -0.359 0.000 - C4.5 -0.659 0.000 - C4.5 0.107 0.000 +

KNN -0.279 0.000 - KNN -0.755 0.000 - KNN 0.043 0.004 +

LogReg -0.449 0.000 - LogReg -0.777 0.000 - LogReg 0.050 0.024 +

SVM 0.060 0.019 + SVM -0.763 0.000 - SVM -0.048 0.000 -

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 0.164 0.022 + Bayes -0.659 0.000 - Bayes 0.047 0.069

C4.5 0.066 0.103 C4.5 -0.563 0.000 - C4.5 0.134 0.000 +

KNN 0.029 0.208 KNN -0.521 0.000 - KNN 0.133 0.000 +

LogReg 0.021 0.177 LogReg -0.561 0.000 - LogReg 0.100 0.000 +

SVM -0.016 0.114 SVM -0.535 0.000 - SVM 0.088 0.000 +

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.390 0.034 Bayes -0.016 0.217 Bayes 0.101 0.000 +

C4.5 -0.022 0.075 C4.5 -0.062 0.110 C4.5 0.146 0.000 +

KNN -0.041 0.116 KNN -0.069 0.096 KNN 0.075 0.000 +

LogReg -0.039 0.080 LogReg -0.082 0.028 LogReg 0.066 0.000 +

SVM -0.055 0.168 SVM -0.060 0.090 SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 0.109 0.066 Bayes -0.233 0.183 Bayes -0.851 0.000 -

C4.5 0.062 0.097 C4.5 -0.059 0.004 - C4.5 -0.709 0.000 -

KNN 0.045 0.113 KNN -0.071 0.007 - KNN -0.758 0.000 -

LogReg 0.038 0.133 LogReg -0.068 0.007 - LogReg -0.783 0.000 -

SVM 0.021 0.072 SVM -0.119 0.026 SVM -0.787 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.138 0.060 Bayes -0.040 0.170 Bayes 0.137 0.000 +

C4.5 -0.294 0.000 - C4.5 -0.009 0.260 C4.5 0.192 0.000 +

KNN -0.143 0.064 KNN -0.033 0.117 KNN 0.159 0.000 +

LogReg -0.130 0.055 LogReg -0.036 0.196 LogReg 0.133 0.000 +

SVM 0.067 0.117 SVM -0.043 0.131 SVM 0.064 0.007 +
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Table 22 p value of specificity for each dataset and classifier (posMAL) 

  

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes 0.126 0.000 + Bayes 0.349 0.000 + Bayes 0.112 0.000 +

C4.5 0.152 0.000 + C4.5 0.228 0.000 + C4.5 0.163 0.000 +

KNN 0.079 0.000 + KNN 0.168 0.000 + KNN 0.081 0.000 +

LogReg 0.022 0.000 + LogReg 0.098 0.000 + LogReg 0.067 0.000 +

SVM -0.004 0.017 - SVM 0.028 0.005 + SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.135 0.000 - Bayes -0.707 0.000 - Bayes -0.489 0.000 -

C4.5 -0.129 0.000 - C4.5 -0.764 0.000 - C4.5 -0.532 0.000 -

KNN -0.161 0.000 - KNN -0.488 0.000 - KNN -0.594 0.000 -

LogReg -0.126 0.000 - LogReg -0.623 0.000 - LogReg -0.400 0.000 -

SVM -0.134 0.000 - SVM -0.694 0.000 - SVM -0.433 0.000 -

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.011 0.054 Bayes -0.142 0.093 Bayes -0.249 0.064

C4.5 -0.007 0.176 C4.5 -0.102 0.145 C4.5 -0.224 0.180

KNN -0.020 0.002 - KNN -0.115 0.163 KNN -0.280 0.095

LogReg -0.019 0.005 - LogReg 0.018 0.061 LogReg -0.281 0.177

SVM -0.022 0.001 - SVM -0.104 0.186 SVM 0.504 0.006 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes 0.245 0.000 + Bayes 0.207 0.000 + Bayes -0.257 0.000 -

C4.5 0.244 0.000 + C4.5 0.168 0.001 + C4.5 -0.153 0.004 -

KNN 0.077 0.000 + KNN 0.178 0.001 + KNN -0.095 0.039

LogReg 0.106 0.000 + LogReg 0.153 0.002 + LogReg -0.115 0.098

SVM -0.021 0.025 - SVM 0.197 0.000 + SVM 0.429 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes -0.742 0.000 - Bayes 0.202 0.000 + Bayes 0.037 0.086

C4.5 -0.484 0.000 - C4.5 0.242 0.000 + C4.5 0.010 0.384

KNN -0.475 0.000 - KNN 0.144 0.000 + KNN -0.032 0.053

LogReg -0.334 0.074 LogReg 0.114 0.000 + LogReg 0.007 0.421

SVM 0.148 0.159 SVM 0.109 0.000 + SVM -0.081 0.000 -

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes -0.649 0.042 Bayes -0.237 0.002 - Bayes -0.091 0.000 -

C4.5 -0.215 0.117 C4.5 -0.193 0.048 C4.5 -0.021 0.159

KNN -0.297 0.127 KNN -0.207 0.078 KNN -0.080 0.000 -

LogReg -0.268 0.136 LogReg -0.240 0.002 - LogReg -0.050 0.000 -

SVM 0.203 0.206 SVM -0.195 0.066 SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.573 0.002 - Bayes 0.053 0.026 Bayes 0.217 0.000 +

C4.5 -0.476 0.000 - C4.5 -0.065 0.000 - C4.5 0.268 0.000 +

KNN -0.422 0.026 KNN -0.068 0.000 - KNN 0.162 0.000 +

LogReg -0.279 0.061 LogReg -0.123 0.000 - LogReg 0.128 0.000 +

SVM -0.015 0.116 SVM -0.107 0.000 - SVM 0.122 0.000 +

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes 0.029 0.181 Bayes -0.562 0.003 - Bayes -0.331 0.000 -

C4.5 0.191 0.000 + C4.5 -0.514 0.043 C4.5 -0.609 0.000 -

KNN 0.085 0.000 + KNN -0.549 0.001 - KNN -0.445 0.000 -

LogReg 0.034 0.173 LogReg -0.565 0.001 - LogReg -0.265 0.000 -

SVM -0.024 0.061 SVM -0.394 0.040 SVM -0.172 0.024 -
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Table 23 p value of area under ROC curve for each dataset and classifier (posMAL) 

  

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.228 0.000 - Bayes -0.155 0.000 - Bayes -0.049 0.000 -

C4.5 -0.083 0.000 - C4.5 -0.052 0.127 C4.5 0.068 0.000 +

KNN -0.206 0.000 - KNN -0.062 0.025 - KNN -0.052 0.000 -

LogReg -0.250 0.000 - LogReg -0.159 0.000 - LogReg -0.051 0.000 -

SVM 0.002 0.092 SVM -0.075 0.022 - SVM -0.060 0.000 -

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.090 0.000 - Bayes -0.367 0.000 - Bayes -0.225 0.000 -

C4.5 -0.024 0.086 C4.5 -0.355 0.000 - C4.5 -0.134 0.000 -

KNN -0.101 0.000 - KNN -0.365 0.000 - KNN -0.194 0.000 -

LogReg -0.099 0.000 - LogReg -0.296 0.000 - LogReg -0.133 0.000 -

SVM -0.098 0.000 - SVM -0.392 0.000 - SVM -0.202 0.000 -

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.021 0.000 - Bayes -0.060 0.011 - Bayes -0.063 0.002 -

C4.5 0.041 0.000 + C4.5 -0.028 0.207 C4.5 -0.046 0.242

KNN -0.020 0.000 - KNN -0.070 0.003 - KNN -0.102 0.017 -

LogReg -0.022 0.000 - LogReg -0.003 0.028 LogReg -0.087 0.203

SVM -0.022 0.000 - SVM -0.062 0.009 - SVM 0.313 0.000 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.137 0.000 - Bayes -0.351 0.000 - Bayes -0.198 0.000 -

C4.5 -0.053 0.032 C4.5 -0.230 0.000 - C4.5 -0.020 0.446

KNN -0.118 0.000 - KNN -0.316 0.000 - KNN -0.117 0.000 -

LogReg -0.284 0.000 - LogReg -0.347 0.000 - LogReg -0.123 0.000 -

SVM 0.024 0.190 SVM -0.320 0.000 - SVM 0.193 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes -0.179 0.010 - Bayes -0.313 0.000 - Bayes -0.003 0.586

C4.5 -0.043 0.053 C4.5 -0.149 0.000 - C4.5 0.069 0.000 +

KNN -0.185 0.032 KNN -0.281 0.000 - KNN -0.012 0.300

LogReg -0.130 0.031 LogReg -0.312 0.000 - LogReg 0.004 0.639

SVM 0.232 0.000 + SVM -0.316 0.000 - SVM -0.052 0.001 -

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes -0.171 0.027 Bayes -0.118 0.001 - Bayes -0.057 0.000 -

C4.5 -0.033 0.188 C4.5 -0.071 0.166 C4.5 0.060 0.000 +

KNN -0.133 0.019 - KNN -0.127 0.000 - KNN -0.054 0.000 -

LogReg -0.109 0.046 LogReg -0.130 0.000 - LogReg -0.061 0.000 -

SVM 0.093 0.027 SVM -0.121 0.000 - SVM -0.061 0.000 -

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.243 0.000 - Bayes -0.121 0.001 - Bayes -0.397 0.000 -

C4.5 -0.114 0.039 C4.5 -0.016 0.003 - C4.5 -0.218 0.000 -

KNN -0.240 0.003 - KNN -0.127 0.000 - KNN -0.374 0.000 -

LogReg -0.207 0.009 - LogReg -0.154 0.000 - LogReg -0.401 0.000 -

SVM 0.048 0.004 + SVM -0.166 0.000 - SVM -0.403 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.148 0.000 - Bayes -0.189 0.000 - Bayes -0.152 0.003 -

C4.5 -0.050 0.123 C4.5 -0.132 0.061 C4.5 -0.189 0.000 -

KNN -0.107 0.007 - KNN -0.189 0.000 - KNN -0.202 0.000 -

LogReg -0.125 0.001 - LogReg -0.188 0.000 - LogReg -0.135 0.046

SVM 0.017 0.175 SVM -0.105 0.000 - SVM -0.151 0.039
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Table 24 p value of information score for each dataset and classifier (posMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.066 0.000 - Bayes 0.124 0.181 Bayes -0.107 0.000 -

C4.5 -0.045 0.010 - C4.5 0.083 0.167 C4.5 -0.028 0.112

KNN -0.076 0.000 - KNN 0.206 0.020 + KNN -0.042 0.001 -

LogReg -0.069 0.000 - LogReg 0.110 0.189 LogReg -0.062 0.000 -

SVM 0.008 0.141 SVM 0.195 0.031 SVM -0.021 0.054

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes 1.201 0.000 + Bayes -0.435 0.000 - Bayes -0.157 0.000 -

C4.5 1.258 0.000 + C4.5 -0.538 0.000 - C4.5 -0.178 0.000 -

KNN 1.198 0.000 + KNN -0.359 0.000 - KNN -0.052 0.253

LogReg 1.288 0.000 + LogReg -0.416 0.000 - LogReg -0.007 0.044

SVM 1.233 0.000 + SVM -0.440 0.000 - SVM -0.046 0.201

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes 2.234 0.000 + Bayes 3.589 0.000 + Bayes 3.247 0.031

C4.5 2.299 0.000 + C4.5 3.521 0.000 + C4.5 3.283 0.052

KNN 2.272 0.000 + KNN 3.515 0.000 + KNN 3.251 0.026

LogReg 2.272 0.000 + LogReg 3.696 0.000 + LogReg 3.281 0.048

SVM 2.280 0.000 + SVM 3.602 0.000 + SVM 3.681 0.017 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes 0.156 0.002 + Bayes -0.320 0.000 - Bayes -0.170 0.005 -

C4.5 0.179 0.010 + C4.5 -0.226 0.000 - C4.5 -0.014 0.627

KNN 0.141 0.000 + KNN -0.184 0.000 - KNN -0.008 0.422

LogReg 0.027 0.396 LogReg -0.207 0.000 - LogReg -0.067 0.178

SVM 0.160 0.000 + SVM -0.162 0.000 - SVM 0.198 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 2.116 0.040 Bayes -0.311 0.000 - Bayes -0.076 0.014 -

C4.5 1.993 0.056 C4.5 -0.243 0.000 - C4.5 -0.056 0.052

KNN 1.971 0.056 KNN -0.238 0.000 - KNN 0.021 0.170

LogReg 2.110 0.020 + LogReg -0.277 0.000 - LogReg -0.022 0.248

SVM 2.321 0.004 + SVM -0.265 0.000 - SVM -0.049 0.015 -

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 5.861 0.006 + Bayes 2.166 0.041 Bayes -0.119 0.000 -

C4.5 3.548 0.042 C4.5 2.123 0.031 C4.5 -0.039 0.088

KNN 3.529 0.037 KNN 2.124 0.035 KNN -0.050 0.000 -

LogReg 3.538 0.047 LogReg 2.240 0.033 LogReg -0.064 0.005 -

SVM 3.737 0.013 + SVM 2.190 0.048 SVM -0.019 0.064

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 1.266 0.097 Bayes 0.386 0.037 Bayes -0.523 0.000 -

C4.5 1.118 0.081 C4.5 0.314 0.065 C4.5 -0.394 0.000 -

KNN 1.158 0.080 KNN 0.395 0.044 KNN -0.476 0.000 -

LogReg 1.295 0.054 LogReg 0.524 0.005 + LogReg -0.531 0.000 -

SVM 1.334 0.043 SVM 0.340 0.047 SVM -0.495 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.044 0.105 Bayes 1.477 0.003 + Bayes 0.069 0.105

C4.5 0.002 0.436 C4.5 1.545 0.003 + C4.5 -0.184 0.052

KNN -0.002 0.494 KNN 1.513 0.001 + KNN -0.028 0.064

LogReg -0.020 0.257 LogReg 1.476 0.005 + LogReg 0.098 0.137

SVM 0.043 0.002 + SVM 1.657 0.002 + SVM 0.109 0.075
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Table 25 p value of F-measure for each dataset and classifier (posMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.409 0.000 - Bayes -0.543 0.000 - Bayes -0.012 0.139

C4.5 -0.315 0.000 - C4.5 -0.428 0.000 - C4.5 0.043 0.000 +

KNN -0.363 0.000 - KNN -0.308 0.000 - KNN -0.018 0.020 -

LogReg -0.185 0.000 - LogReg -0.345 0.000 - LogReg -0.002 0.743

SVM 0.025 0.069 SVM -0.067 0.002 - SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.031 0.000 - Bayes -0.119 0.000 - Bayes -0.003 0.360

C4.5 -0.008 0.077 C4.5 -0.156 0.000 - C4.5 0.035 0.001 +

KNN -0.053 0.000 - KNN -0.112 0.000 - KNN 0.039 0.005 +

LogReg -0.043 0.000 - LogReg -0.123 0.000 - LogReg 0.043 0.000 +

SVM -0.036 0.000 - SVM -0.157 0.000 - SVM -0.002 0.353

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.013 0.099 Bayes -0.037 0.154 Bayes -0.021 0.094

C4.5 0.034 0.004 + C4.5 -0.060 0.004 - C4.5 -0.012 0.224

KNN -0.006 0.460 KNN -0.066 0.003 - KNN -0.027 0.136

LogReg 0.003 0.343 LogReg -0.016 0.004 - LogReg -0.014 0.150

SVM -0.001 0.436 SVM -0.060 0.005 - SVM 0.031 0.023 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.306 0.000 - Bayes -0.743 0.000 - Bayes -0.003 0.630

C4.5 -0.264 0.000 - C4.5 -0.663 0.000 - C4.5 0.041 0.002 +

KNN -0.302 0.000 - KNN -0.719 0.000 - KNN 0.012 0.161

LogReg -0.425 0.000 - LogReg -0.744 0.000 - LogReg 0.013 0.285

SVM 0.095 0.020 + SVM -0.715 0.000 - SVM 0.026 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 0.024 0.084 Bayes -0.639 0.000 - Bayes 0.051 0.002 +

C4.5 -0.012 0.075 C4.5 -0.552 0.000 - C4.5 0.091 0.000 +

KNN -0.031 0.034 KNN -0.574 0.000 - KNN 0.065 0.000 +

LogReg -0.023 0.086 LogReg -0.624 0.000 - LogReg 0.066 0.001 +

SVM 0.008 0.317 SVM -0.607 0.000 - SVM 0.001 0.688

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.339 0.030 Bayes -0.062 0.010 - Bayes 0.010 0.132

C4.5 -0.026 0.292 C4.5 -0.077 0.013 - C4.5 0.073 0.000 +

KNN -0.043 0.309 KNN -0.084 0.000 - KNN 0.001 0.467

LogReg -0.038 0.173 LogReg -0.099 0.000 - LogReg 0.011 0.221

SVM -0.019 0.402 SVM -0.076 0.008 - SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 0.003 0.191 Bayes -0.236 0.267 Bayes -0.788 0.000 -

C4.5 -0.015 0.094 C4.5 -0.206 0.267 C4.5 -0.680 0.000 -

KNN -0.025 0.080 KNN -0.218 0.234 KNN -0.759 0.000 -

LogReg -0.007 0.053 LogReg -0.255 0.268 LogReg -0.792 0.000 -

SVM -0.003 0.288 SVM -0.279 0.119 SVM -0.797 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.205 0.063 Bayes -0.138 0.000 - Bayes 0.015 0.161

C4.5 -0.270 0.011 - C4.5 -0.111 0.029 C4.5 -0.007 0.076

KNN -0.177 0.052 KNN -0.129 0.000 - KNN 0.006 0.204

LogReg -0.191 0.040 LogReg -0.137 0.000 - LogReg 0.025 0.202

SVM 0.092 0.114 SVM -0.113 0.061 SVM 0.002 0.075
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Table 26 p value of precision for each dataset and classifier (posMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.255 0.186 Bayes -0.425 0.000 - Bayes 0.074 0.000 +

C4.5 -0.146 0.077 C4.5 -0.414 0.000 - C4.5 0.118 0.000 +

KNN -0.309 0.079 KNN -0.366 0.000 - KNN 0.054 0.000 +

LogReg -0.378 0.078 LogReg -0.502 0.000 - LogReg 0.048 0.000 +

SVM 0.240 0.073 SVM -0.203 0.021 - SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.069 0.000 - Bayes -0.242 0.000 - Bayes -0.116 0.000 -

C4.5 -0.064 0.000 - C4.5 -0.275 0.000 - C4.5 -0.116 0.000 -

KNN -0.085 0.000 - KNN -0.154 0.000 - KNN -0.140 0.000 -

LogReg -0.065 0.000 - LogReg -0.206 0.000 - LogReg -0.064 0.000 -

SVM -0.069 0.000 - SVM -0.241 0.000 - SVM -0.097 0.000 -

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.020 0.052 Bayes -0.054 0.095 Bayes -0.041 0.062

C4.5 -0.007 0.475 C4.5 -0.036 0.146 C4.5 -0.034 0.181

KNN -0.033 0.003 - KNN -0.042 0.163 KNN -0.045 0.093

LogReg -0.030 0.008 - LogReg 0.017 0.076 LogReg -0.045 0.177

SVM -0.036 0.001 - SVM -0.037 0.184 SVM 0.066 0.008 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.051 0.338 Bayes -0.019 0.033 Bayes -0.057 0.001 -

C4.5 -0.022 0.300 C4.5 -0.015 0.024 - C4.5 -0.023 0.087

KNN -0.212 0.129 KNN -0.030 0.097 KNN -0.016 0.128

LogReg -0.266 0.062 LogReg -0.056 0.264 LogReg -0.022 0.127

SVM 0.304 0.024 + SVM -0.015 0.042 SVM 0.078 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes -0.128 0.000 - Bayes -0.525 0.000 - Bayes 0.052 0.014 +

C4.5 -0.080 0.000 - C4.5 -0.445 0.000 - C4.5 0.048 0.006 +

KNN -0.081 0.005 - KNN -0.547 0.000 - KNN -0.006 0.468

LogReg -0.060 0.050 LogReg -0.613 0.000 - LogReg 0.034 0.186

SVM 0.027 0.366 SVM -0.613 0.000 - SVM -0.092 0.000 -

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.264 0.039 Bayes -0.093 0.002 - Bayes -0.072 0.000 -

C4.5 -0.015 0.218 C4.5 -0.073 0.031 C4.5 0.010 0.389

KNN -0.030 0.305 KNN -0.080 0.038 KNN -0.063 0.000 -

LogReg -0.022 0.224 LogReg -0.096 0.000 - LogReg -0.034 0.001 -

SVM 0.026 0.451 SVM -0.074 0.036 SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.093 0.002 - Bayes -0.115 0.127 Bayes -0.663 0.000 -

C4.5 -0.074 0.001 - C4.5 -0.194 0.002 - C4.5 -0.584 0.000 -

KNN -0.076 0.035 KNN -0.205 0.002 - KNN -0.693 0.000 -

LogReg -0.039 0.119 LogReg -0.296 0.000 - LogReg -0.733 0.000 -

SVM -0.015 0.135 SVM -0.279 0.000 - SVM -0.740 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.394 0.025 - Bayes -0.204 0.003 - Bayes -0.059 0.000 -

C4.5 -0.161 0.139 C4.5 -0.182 0.057 C4.5 -0.151 0.000 -

KNN -0.183 0.166 KNN -0.195 0.001 - KNN -0.095 0.000 -

LogReg -0.364 0.065 LogReg -0.206 0.001 - LogReg -0.041 0.165

SVM 0.216 0.113 SVM -0.158 0.072 SVM -0.033 0.218
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Table 27 p value of recall for each dataset and classifier (posMAL) 

 

  

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.381 0.000 - Bayes -0.698 0.000 - Bayes -0.089 0.000 -

C4.5 -0.295 0.000 - C4.5 -0.439 0.000 - C4.5 -0.023 0.067

KNN -0.293 0.000 - KNN -0.261 0.000 - KNN -0.081 0.000 -

LogReg -0.116 0.000 - LogReg -0.265 0.000 - LogReg -0.044 0.000 -

SVM 0.014 0.069 SVM -0.047 0.003 - SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes 0.011 0.214 Bayes 0.067 0.240 Bayes 0.207 0.000 +

C4.5 0.051 0.000 + C4.5 0.027 0.093 C4.5 0.284 0.000 +

KNN -0.016 0.013 - KNN -0.018 0.010 - KNN 0.316 0.000 +

LogReg -0.015 0.010 - LogReg 0.023 0.085 LogReg 0.246 0.000 +

SVM 0.003 0.382 SVM -0.010 0.013 - SVM 0.184 0.000 +

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.006 0.545 Bayes -0.004 0.338 Bayes 0.003 0.080

C4.5 0.074 0.000 + C4.5 -0.062 0.102 C4.5 0.013 0.488

KNN 0.023 0.098 KNN -0.066 0.107 KNN -0.006 0.055

LogReg 0.036 0.015 + LogReg -0.027 0.240 LogReg 0.020 0.173

SVM 0.035 0.052 SVM -0.061 0.112 SVM -0.012 0.016 -

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.420 0.000 - Bayes -0.819 0.000 - Bayes 0.055 0.001 +

C4.5 -0.359 0.000 - C4.5 -0.659 0.000 - C4.5 0.107 0.000 +

KNN -0.279 0.000 - KNN -0.755 0.000 - KNN 0.043 0.004 +

LogReg -0.449 0.000 - LogReg -0.777 0.000 - LogReg 0.050 0.024 +

SVM 0.060 0.019 + SVM -0.763 0.000 - SVM -0.048 0.000 -

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 0.164 0.022 + Bayes -0.659 0.000 - Bayes 0.047 0.069

C4.5 0.066 0.103 C4.5 -0.563 0.000 - C4.5 0.134 0.000 +

KNN 0.029 0.208 KNN -0.521 0.000 - KNN 0.133 0.000 +

LogReg 0.021 0.177 LogReg -0.561 0.000 - LogReg 0.100 0.000 +

SVM -0.016 0.114 SVM -0.535 0.000 - SVM 0.088 0.000 +

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.390 0.034 Bayes -0.016 0.217 Bayes 0.101 0.000 +

C4.5 -0.022 0.075 C4.5 -0.062 0.110 C4.5 0.146 0.000 +

KNN -0.041 0.116 KNN -0.069 0.096 KNN 0.075 0.000 +

LogReg -0.039 0.080 LogReg -0.082 0.028 LogReg 0.066 0.000 +

SVM -0.055 0.168 SVM -0.060 0.090 SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 0.109 0.066 Bayes -0.233 0.183 Bayes -0.851 0.000 -

C4.5 0.062 0.097 C4.5 -0.059 0.004 - C4.5 -0.709 0.000 -

KNN 0.045 0.113 KNN -0.071 0.007 - KNN -0.758 0.000 -

LogReg 0.038 0.133 LogReg -0.068 0.007 - LogReg -0.783 0.000 -

SVM 0.021 0.072 SVM -0.119 0.026 SVM -0.787 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.138 0.060 Bayes -0.040 0.170 Bayes 0.137 0.000 +

C4.5 -0.294 0.000 - C4.5 -0.009 0.260 C4.5 0.192 0.000 +

KNN -0.143 0.064 KNN -0.033 0.117 KNN 0.159 0.000 +

LogReg -0.130 0.055 LogReg -0.036 0.196 LogReg 0.133 0.000 +

SVM 0.067 0.117 SVM -0.043 0.131 SVM 0.064 0.007 +
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Table 28 p value of Brier score for each dataset and classifier (posMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes 0.068 0.000 + Bayes 56.025 0.040 Bayes 0.005 0.679

C4.5 -0.146 0.000 - C4.5 55.906 0.040 C4.5 -0.168 0.000 -

KNN 0.063 0.001 + KNN 56.088 0.039 KNN 0.020 0.041

LogReg 0.087 0.000 + LogReg 56.145 0.039 LogReg 0.017 0.110

SVM 0.033 0.057 SVM 56.105 0.039 SVM 0.012 0.202

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes 1807.317 0.000 + Bayes 11.265 0.003 + Bayes 3.378 0.037

C4.5 1807.255 0.000 + C4.5 11.328 0.003 + C4.5 3.145 0.060

KNN 1807.366 0.000 + KNN 11.255 0.003 + KNN 3.361 0.039

LogReg 1807.344 0.000 + LogReg 11.265 0.003 + LogReg 3.336 0.041

SVM 1807.350 0.000 + SVM 11.356 0.003 + SVM 3.374 0.038

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes 16261.283 0.028 Bayes 2173.510 0.000 + Bayes 21359.722 0.061

C4.5 16261.215 0.028 C4.5 2173.525 0.000 + C4.5 21359.695 0.064

KNN 16261.282 0.028 KNN 2173.559 0.000 + KNN 21359.745 0.060

LogReg 16261.276 0.028 LogReg 2173.471 0.000 + LogReg 21359.707 0.062

SVM 16261.280 0.028 SVM 2173.537 0.000 + SVM 21359.564 0.065

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes 4.540 0.038 Bayes 42.940 0.000 + Bayes 2.744 0.470

C4.5 4.396 0.044 C4.5 42.783 0.000 + C4.5 2.579 0.082

KNN 4.709 0.034 KNN 42.927 0.000 + KNN 2.726 0.684

LogReg 4.773 0.033 LogReg 42.970 0.000 + LogReg 2.713 0.497

SVM 4.718 0.034 SVM 42.933 0.000 + SVM 2.658 0.081

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 676.766 0.019 + Bayes 3.624 0.148 Bayes -0.078 0.000 -

C4.5 676.794 0.019 + C4.5 3.351 0.189 C4.5 -0.180 0.000 -

KNN 676.903 0.019 + KNN 3.621 0.148 KNN -0.023 0.068

LogReg 676.878 0.019 + LogReg 3.651 0.144 LogReg -0.056 0.005 -

SVM 676.759 0.019 + SVM 3.652 0.144 SVM 0.035 0.024 +

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 21550.521 0.032 Bayes 2211.389 0.034 Bayes 0.016 0.225

C4.5 21551.195 0.033 C4.5 2211.393 0.032 C4.5 -0.156 0.000 -

KNN 21551.258 0.009 + KNN 2211.442 0.032 KNN 0.026 0.002 +

LogReg 21551.250 0.009 + LogReg 2211.426 0.033 LogReg 0.030 0.002 +

SVM 21551.180 0.013 + SVM 2211.419 0.033 SVM 0.011 0.161

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 2043.266 0.041 Bayes 374.950 0.018 + Bayes 0.676 0.000 +

C4.5 2043.226 0.037 C4.5 374.880 0.018 + C4.5 0.385 0.181

KNN 2043.312 0.037 KNN 375.021 0.178 KNN 0.652 0.000 +

LogReg 2043.274 0.037 LogReg 375.014 0.159 LogReg 0.696 0.000 +

SVM 2043.243 0.051 SVM 375.070 0.018 + SVM 0.704 0.000 +

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes 1.280 0.116 Bayes 904.115 0.000 + Bayes 4.609 0.016 +

C4.5 0.994 0.361 C4.5 904.039 0.000 + C4.5 4.532 0.023 +

KNN 1.239 0.211 KNN 904.103 0.000 + KNN 4.631 0.012 +

LogReg 1.268 0.137 LogReg 904.115 0.000 + LogReg 4.601 0.017 +

SVM 1.256 0.156 SVM 904.048 0.000 + SVM 4.614 0.014 +
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Table 29 p value of MCC for each dataset and classifier (posMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.253 0.000 - Bayes -0.322 0.000 - Bayes 0.015 0.363

C4.5 -0.132 0.000 - C4.5 -0.214 0.000 - C4.5 0.134 0.000 +

KNN -0.246 0.000 - KNN -0.111 0.000 - KNN -0.004 0.522

LogReg -0.166 0.000 - LogReg -0.217 0.000 - LogReg 0.022 0.131

SVM 0.035 0.188 SVM -0.032 0.156 SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.091 0.000 - Bayes -0.530 0.000 - Bayes -0.194 0.000 -

C4.5 -0.037 0.151 C4.5 -0.628 0.000 - C4.5 -0.149 0.000 -

KNN -0.148 0.000 - KNN -0.476 0.000 - KNN -0.175 0.000 -

LogReg -0.120 0.000 - LogReg -0.519 0.000 - LogReg -0.065 0.030

SVM -0.102 0.000 - SVM -0.622 0.000 - SVM -0.170 0.000 -

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.020 0.099 Bayes -0.121 0.090 Bayes -0.247 0.108

C4.5 0.049 0.006 + C4.5 -0.161 0.008 - C4.5 -0.202 0.208

KNN -0.009 0.448 KNN -0.176 0.005 - KNN -0.290 0.135

LogReg 0.003 0.373 LogReg -0.009 0.016 - LogReg -0.224 0.156

SVM -0.003 0.473 SVM -0.161 0.019 - SVM 0.497 0.010 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.116 0.119 Bayes -0.551 0.000 - Bayes -0.122 0.057

C4.5 -0.062 0.303 C4.5 -0.434 0.000 - C4.5 0.042 0.491

KNN -0.201 0.001 - KNN -0.516 0.000 - KNN -0.011 0.733

LogReg -0.320 0.000 - LogReg -0.563 0.000 - LogReg -0.014 0.748

SVM 0.080 0.108 SVM -0.504 0.000 - SVM 0.461 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes -0.465 0.014 - Bayes -0.452 0.000 - Bayes 0.083 0.001 +

C4.5 -0.399 0.001 - C4.5 -0.320 0.000 - C4.5 0.130 0.000 +

KNN -0.450 0.006 - KNN -0.401 0.000 - KNN 0.078 0.002 +

LogReg -0.322 0.067 LogReg -0.478 0.000 - LogReg 0.096 0.003 +

SVM 0.156 0.244 SVM -0.463 0.000 - SVM -0.026 0.226

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes -0.135 0.098 Bayes -0.230 0.003 - Bayes 0.002 0.272

C4.5 -0.206 0.175 C4.5 -0.256 0.011 - C4.5 0.120 0.000 +

KNN -0.327 0.081 KNN -0.277 0.000 - KNN -0.009 0.510

LogReg -0.297 0.062 LogReg -0.320 0.000 - LogReg 0.014 0.184

SVM 0.163 0.137 SVM -0.255 0.009 - SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.392 0.019 - Bayes -0.154 0.272 Bayes -0.644 0.000 -

C4.5 -0.393 0.001 - C4.5 -0.134 0.146 C4.5 -0.452 0.000 -

KNN -0.379 0.044 KNN -0.149 0.212 KNN -0.611 0.000 -

LogReg -0.244 0.150 LogReg -0.223 0.127 LogReg -0.673 0.000 -

SVM 0.020 0.120 SVM -0.243 0.072 SVM -0.682 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.175 0.069 Bayes -0.566 0.000 - Bayes -0.202 0.001 -

C4.5 -0.089 0.149 C4.5 -0.489 0.026 C4.5 -0.395 0.000 -

KNN -0.068 0.156 KNN -0.544 0.000 - KNN -0.284 0.000 -

LogReg -0.156 0.068 LogReg -0.565 0.000 - LogReg -0.129 0.084

SVM 0.060 0.108 SVM -0.403 0.043 SVM -0.115 0.286
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APPENDIX C P VALUE OF PERFORMANCE MEASURES (negMAL) 

Table 30 p value of accuracy for each dataset and classifier (negMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes 0.005 0.497 Bayes 0.047 0.000 + Bayes 0.001 0.589

C4.5 0.045 0.000 + C4.5 0.036 0.037 C4.5 0.060 0.000 +

KNN -0.010 0.035 KNN 0.044 0.000 + KNN -0.008 0.267

LogReg -0.011 0.018 - LogReg -0.007 0.385 LogReg 0.006 0.445

SVM 0.000 0.235 SVM 0.007 0.140 SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.044 0.000 - Bayes -0.210 0.000 - Bayes -0.089 0.000 -

C4.5 -0.017 0.130 C4.5 -0.256 0.000 - C4.5 -0.062 0.000 -

KNN -0.070 0.000 - KNN -0.187 0.000 - KNN -0.070 0.000 -

LogReg -0.057 0.000 - LogReg -0.209 0.000 - LogReg -0.029 0.003 -

SVM -0.049 0.000 - SVM -0.255 0.000 - SVM -0.078 0.000 -

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.009 0.092 Bayes -0.050 0.129 Bayes -0.038 0.095

C4.5 0.021 0.009 + C4.5 -0.075 0.005 - C4.5 -0.024 0.222

KNN -0.005 0.389 KNN -0.083 0.003 - KNN -0.049 0.134

LogReg 0.000 0.432 LogReg -0.012 0.003 - LogReg -0.028 0.152

SVM -0.002 0.498 SVM -0.076 0.008 - SVM 0.059 0.055

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes 0.091 0.000 + Bayes -0.269 0.000 - Bayes -0.015 0.310

C4.5 0.105 0.000 + C4.5 -0.215 0.000 - C4.5 0.048 0.013 +

KNN -0.005 0.458 KNN -0.255 0.000 - KNN 0.012 0.361

LogReg -0.023 0.102 LogReg -0.278 0.000 - LogReg 0.013 0.447

SVM -0.003 0.412 SVM -0.248 0.000 - SVM 0.059 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 0.004 0.097 Bayes -0.099 0.000 - Bayes 0.041 0.001 +

C4.5 -0.033 0.102 C4.5 -0.040 0.000 - C4.5 0.055 0.000 +

KNN -0.061 0.016 - KNN -0.089 0.000 - KNN 0.028 0.017 +

LogReg -0.045 0.103 LogReg -0.122 0.000 - LogReg 0.041 0.011 +

SVM 0.018 0.305 SVM -0.117 0.000 - SVM -0.020 0.096

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.347 0.050 Bayes -0.090 0.005 - Bayes -0.006 0.371

C4.5 -0.027 0.272 C4.5 -0.106 0.012 - C4.5 0.053 0.000 +

KNN -0.053 0.304 KNN -0.115 0.000 - KNN -0.011 0.044

LogReg -0.044 0.172 LogReg -0.135 0.000 - LogReg 0.001 0.305

SVM -0.007 0.390 SVM -0.105 0.009 - SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.027 0.111 Bayes -0.039 0.212 Bayes -0.258 0.000 -

C4.5 -0.043 0.034 C4.5 -0.063 0.041 C4.5 -0.166 0.000 -

KNN -0.057 0.084 KNN -0.069 0.011 - KNN -0.247 0.000 -

LogReg -0.025 0.092 LogReg -0.105 0.000 - LogReg -0.277 0.000 -

SVM -0.014 0.215 SVM -0.111 0.000 - SVM -0.282 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.015 0.120 Bayes -0.208 0.000 - Bayes -0.021 0.356

C4.5 0.064 0.000 + C4.5 -0.173 0.022 - C4.5 -0.079 0.014 -

KNN 0.026 0.004 + KNN -0.197 0.000 - KNN -0.046 0.202

LogReg -0.009 0.231 LogReg -0.207 0.000 - LogReg -0.001 0.073

SVM 0.000 0.333 SVM -0.164 0.038 SVM -0.018 0.197
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Table 31 p value of sensitivity for each dataset and classifier (negMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.381 0.000 - Bayes -0.698 0.000 - Bayes -0.089 0.000 -

C4.5 -0.295 0.000 - C4.5 -0.439 0.000 - C4.5 -0.023 0.067

KNN -0.293 0.000 - KNN -0.261 0.000 - KNN -0.081 0.000 -

LogReg -0.116 0.000 - LogReg -0.265 0.000 - LogReg -0.044 0.000 -

SVM 0.014 0.069 SVM -0.047 0.003 - SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes 0.011 0.214 Bayes 0.067 0.240 Bayes 0.207 0.000 +

C4.5 0.051 0.000 + C4.5 0.027 0.093 C4.5 0.284 0.000 +

KNN -0.016 0.013 - KNN -0.018 0.010 - KNN 0.316 0.000 +

LogReg -0.015 0.010 - LogReg 0.023 0.085 LogReg 0.246 0.000 +

SVM 0.003 0.382 SVM -0.010 0.013 - SVM 0.184 0.000 +

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.006 0.545 Bayes -0.004 0.338 Bayes 0.003 0.080

C4.5 0.074 0.000 + C4.5 -0.062 0.102 C4.5 0.013 0.488

KNN 0.023 0.098 KNN -0.066 0.107 KNN -0.006 0.055

LogReg 0.036 0.015 + LogReg -0.027 0.240 LogReg 0.020 0.173

SVM 0.035 0.052 SVM -0.061 0.112 SVM -0.012 0.016 -

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.420 0.000 - Bayes -0.819 0.000 - Bayes 0.055 0.001 +

C4.5 -0.359 0.000 - C4.5 -0.659 0.000 - C4.5 0.107 0.000 +

KNN -0.279 0.000 - KNN -0.755 0.000 - KNN 0.043 0.004 +

LogReg -0.449 0.000 - LogReg -0.777 0.000 - LogReg 0.050 0.024 +

SVM 0.060 0.019 + SVM -0.763 0.000 - SVM -0.048 0.000 -

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 0.164 0.022 + Bayes -0.659 0.000 - Bayes 0.047 0.069

C4.5 0.066 0.103 C4.5 -0.563 0.000 - C4.5 0.134 0.000 +

KNN 0.029 0.208 KNN -0.521 0.000 - KNN 0.133 0.000 +

LogReg 0.021 0.177 LogReg -0.561 0.000 - LogReg 0.100 0.000 +

SVM -0.016 0.114 SVM -0.535 0.000 - SVM 0.088 0.000 +

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.390 0.034 Bayes -0.016 0.217 Bayes 0.101 0.000 +

C4.5 -0.022 0.075 C4.5 -0.062 0.110 C4.5 0.146 0.000 +

KNN -0.041 0.116 KNN -0.069 0.096 KNN 0.075 0.000 +

LogReg -0.039 0.080 LogReg -0.082 0.028 LogReg 0.066 0.000 +

SVM -0.055 0.168 SVM -0.060 0.090 SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 0.109 0.066 Bayes -0.233 0.183 Bayes -0.851 0.000 -

C4.5 0.062 0.097 C4.5 -0.059 0.004 - C4.5 -0.709 0.000 -

KNN 0.045 0.113 KNN -0.071 0.007 - KNN -0.758 0.000 -

LogReg 0.038 0.133 LogReg -0.068 0.007 - LogReg -0.783 0.000 -

SVM 0.021 0.072 SVM -0.119 0.026 SVM -0.787 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.138 0.060 Bayes -0.040 0.170 Bayes 0.137 0.000 +

C4.5 -0.294 0.000 - C4.5 -0.009 0.260 C4.5 0.192 0.000 +

KNN -0.143 0.064 KNN -0.033 0.117 KNN 0.159 0.000 +

LogReg -0.130 0.055 LogReg -0.036 0.196 LogReg 0.133 0.000 +

SVM 0.067 0.117 SVM -0.043 0.131 SVM 0.064 0.007 +
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Table 32 p value of specificity for each dataset and classifier (negMAL)  

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes 0.126 0.000 + Bayes 0.349 0.000 + Bayes 0.112 0.000 +

C4.5 0.152 0.000 + C4.5 0.228 0.000 + C4.5 0.163 0.000 +

KNN 0.079 0.000 + KNN 0.168 0.000 + KNN 0.081 0.000 +

LogReg 0.022 0.000 + LogReg 0.098 0.000 + LogReg 0.067 0.000 +

SVM -0.004 0.017 - SVM 0.028 0.005 + SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.135 0.000 - Bayes -0.707 0.000 - Bayes -0.489 0.000 -

C4.5 -0.129 0.000 - C4.5 -0.764 0.000 - C4.5 -0.532 0.000 -

KNN -0.161 0.000 - KNN -0.488 0.000 - KNN -0.594 0.000 -

LogReg -0.126 0.000 - LogReg -0.623 0.000 - LogReg -0.400 0.000 -

SVM -0.134 0.000 - SVM -0.694 0.000 - SVM -0.433 0.000 -

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.011 0.054 Bayes -0.142 0.093 Bayes -0.249 0.064

C4.5 -0.007 0.176 C4.5 -0.102 0.145 C4.5 -0.224 0.180

KNN -0.020 0.002 - KNN -0.115 0.163 KNN -0.280 0.095

LogReg -0.019 0.005 - LogReg 0.018 0.061 LogReg -0.281 0.177

SVM -0.022 0.001 - SVM -0.104 0.186 SVM 0.504 0.006 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes 0.245 0.000 + Bayes 0.207 0.000 + Bayes -0.257 0.000 -

C4.5 0.244 0.000 + C4.5 0.168 0.001 + C4.5 -0.153 0.004 -

KNN 0.077 0.000 + KNN 0.178 0.001 + KNN -0.095 0.039

LogReg 0.106 0.000 + LogReg 0.153 0.002 + LogReg -0.115 0.098

SVM -0.021 0.025 - SVM 0.197 0.000 + SVM 0.429 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes -0.742 0.000 - Bayes 0.202 0.000 + Bayes 0.037 0.086

C4.5 -0.484 0.000 - C4.5 0.242 0.000 + C4.5 0.010 0.384

KNN -0.475 0.000 - KNN 0.144 0.000 + KNN -0.032 0.053

LogReg -0.334 0.074 LogReg 0.114 0.000 + LogReg 0.007 0.421

SVM 0.148 0.159 SVM 0.109 0.000 + SVM -0.081 0.000 -

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes -0.649 0.042 Bayes -0.237 0.002 - Bayes -0.091 0.000 -

C4.5 -0.215 0.117 C4.5 -0.193 0.048 C4.5 -0.021 0.159

KNN -0.297 0.127 KNN -0.207 0.078 KNN -0.080 0.000 -

LogReg -0.268 0.136 LogReg -0.240 0.002 - LogReg -0.050 0.000 -

SVM 0.203 0.206 SVM -0.195 0.066 SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.573 0.002 - Bayes 0.053 0.026 Bayes 0.217 0.000 +

C4.5 -0.476 0.000 - C4.5 -0.065 0.000 - C4.5 0.268 0.000 +

KNN -0.422 0.026 KNN -0.068 0.000 - KNN 0.162 0.000 +

LogReg -0.279 0.061 LogReg -0.123 0.000 - LogReg 0.128 0.000 +

SVM -0.015 0.116 SVM -0.107 0.000 - SVM 0.122 0.000 +

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes 0.029 0.181 Bayes -0.562 0.003 - Bayes -0.331 0.000 -

C4.5 0.191 0.000 + C4.5 -0.514 0.043 C4.5 -0.609 0.000 -

KNN 0.085 0.000 + KNN -0.549 0.001 - KNN -0.445 0.000 -

LogReg 0.034 0.173 LogReg -0.565 0.001 - LogReg -0.265 0.000 -

SVM -0.024 0.061 SVM -0.394 0.040 SVM -0.172 0.024 -



86 
 

 

Table 33 p value of area under ROC curve for each dataset and classifier (negMAL)  

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.228 0.000 - Bayes -0.155 0.000 - Bayes -0.049 0.000 -

C4.5 -0.083 0.000 - C4.5 -0.052 0.127 C4.5 0.068 0.000 +

KNN -0.206 0.000 - KNN -0.062 0.025 - KNN -0.052 0.000 -

LogReg -0.250 0.000 - LogReg -0.159 0.000 - LogReg -0.051 0.000 -

SVM 0.002 0.092 SVM -0.075 0.022 - SVM -0.060 0.000 -

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.090 0.000 - Bayes -0.367 0.000 - Bayes -0.225 0.000 -

C4.5 -0.024 0.086 C4.5 -0.355 0.000 - C4.5 -0.134 0.000 -

KNN -0.101 0.000 - KNN -0.365 0.000 - KNN -0.194 0.000 -

LogReg -0.099 0.000 - LogReg -0.296 0.000 - LogReg -0.133 0.000 -

SVM -0.098 0.000 - SVM -0.392 0.000 - SVM -0.202 0.000 -

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.021 0.000 - Bayes -0.060 0.011 - Bayes -0.063 0.002 -

C4.5 0.041 0.000 + C4.5 -0.028 0.207 C4.5 -0.046 0.242

KNN -0.020 0.000 - KNN -0.070 0.003 - KNN -0.102 0.017 -

LogReg -0.022 0.000 - LogReg -0.003 0.028 LogReg -0.087 0.203

SVM -0.022 0.000 - SVM -0.062 0.009 - SVM 0.313 0.000 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.137 0.000 - Bayes -0.351 0.000 - Bayes -0.198 0.000 -

C4.5 -0.053 0.032 C4.5 -0.230 0.000 - C4.5 -0.020 0.446

KNN -0.118 0.000 - KNN -0.316 0.000 - KNN -0.117 0.000 -

LogReg -0.284 0.000 - LogReg -0.347 0.000 - LogReg -0.123 0.000 -

SVM 0.024 0.190 SVM -0.320 0.000 - SVM 0.193 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes -0.179 0.010 - Bayes -0.313 0.000 - Bayes -0.003 0.586

C4.5 -0.043 0.053 C4.5 -0.149 0.000 - C4.5 0.069 0.000 +

KNN -0.185 0.032 KNN -0.281 0.000 - KNN -0.012 0.300

LogReg -0.130 0.031 LogReg -0.312 0.000 - LogReg 0.004 0.639

SVM 0.232 0.000 + SVM -0.316 0.000 - SVM -0.052 0.001 -

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes -0.171 0.027 Bayes -0.118 0.001 - Bayes -0.057 0.000 -

C4.5 -0.033 0.188 C4.5 -0.071 0.166 C4.5 0.060 0.000 +

KNN -0.133 0.019 - KNN -0.127 0.000 - KNN -0.054 0.000 -

LogReg -0.109 0.046 LogReg -0.130 0.000 - LogReg -0.061 0.000 -

SVM 0.093 0.027 SVM -0.121 0.000 - SVM -0.061 0.000 -

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.243 0.000 - Bayes -0.121 0.001 - Bayes -0.397 0.000 -

C4.5 -0.114 0.039 C4.5 -0.016 0.003 - C4.5 -0.218 0.000 -

KNN -0.240 0.003 - KNN -0.127 0.000 - KNN -0.374 0.000 -

LogReg -0.207 0.009 - LogReg -0.154 0.000 - LogReg -0.401 0.000 -

SVM 0.048 0.004 + SVM -0.166 0.000 - SVM -0.403 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.148 0.000 - Bayes -0.189 0.000 - Bayes -0.152 0.003 -

C4.5 -0.050 0.123 C4.5 -0.132 0.061 C4.5 -0.189 0.000 -

KNN -0.107 0.007 - KNN -0.189 0.000 - KNN -0.202 0.000 -

LogReg -0.125 0.001 - LogReg -0.188 0.000 - LogReg -0.135 0.046

SVM 0.017 0.175 SVM -0.105 0.000 - SVM -0.151 0.039
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Table 34 p value of information score for each dataset and classifier (negMAL)  

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.066 0.000 - Bayes 0.124 0.181 Bayes -0.107 0.000 -

C4.5 -0.045 0.010 - C4.5 0.083 0.167 C4.5 -0.028 0.112

KNN -0.076 0.000 - KNN 0.206 0.020 + KNN -0.042 0.001 -

LogReg -0.069 0.000 - LogReg 0.110 0.189 LogReg -0.062 0.000 -

SVM 0.008 0.141 SVM 0.195 0.031 SVM -0.021 0.054

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes 1.201 0.000 + Bayes -0.435 0.000 - Bayes -0.157 0.000 -

C4.5 1.258 0.000 + C4.5 -0.538 0.000 - C4.5 -0.178 0.000 -

KNN 1.198 0.000 + KNN -0.359 0.000 - KNN -0.052 0.253

LogReg 1.288 0.000 + LogReg -0.416 0.000 - LogReg -0.007 0.044

SVM 1.233 0.000 + SVM -0.440 0.000 - SVM -0.046 0.201

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes 2.234 0.000 + Bayes 3.589 0.000 + Bayes 3.247 0.031

C4.5 2.299 0.000 + C4.5 3.521 0.000 + C4.5 3.283 0.052

KNN 2.272 0.000 + KNN 3.515 0.000 + KNN 3.251 0.026

LogReg 2.272 0.000 + LogReg 3.696 0.000 + LogReg 3.281 0.048

SVM 2.280 0.000 + SVM 3.602 0.000 + SVM 3.681 0.017 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes 0.156 0.002 + Bayes -0.320 0.000 - Bayes -0.170 0.005 -

C4.5 0.179 0.010 + C4.5 -0.226 0.000 - C4.5 -0.014 0.627

KNN 0.141 0.000 + KNN -0.184 0.000 - KNN -0.008 0.422

LogReg 0.027 0.396 LogReg -0.207 0.000 - LogReg -0.067 0.178

SVM 0.160 0.000 + SVM -0.162 0.000 - SVM 0.198 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 2.116 0.040 Bayes -0.311 0.000 - Bayes -0.076 0.014 -

C4.5 1.993 0.056 C4.5 -0.243 0.000 - C4.5 -0.056 0.052

KNN 1.971 0.056 KNN -0.238 0.000 - KNN 0.021 0.170

LogReg 2.110 0.020 + LogReg -0.277 0.000 - LogReg -0.022 0.248

SVM 2.321 0.004 + SVM -0.265 0.000 - SVM -0.049 0.015 -

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 5.861 0.006 + Bayes 2.166 0.041 Bayes -0.119 0.000 -

C4.5 3.548 0.042 C4.5 2.123 0.031 C4.5 -0.039 0.088

KNN 3.529 0.037 KNN 2.124 0.035 KNN -0.050 0.000 -

LogReg 3.538 0.047 LogReg 2.240 0.033 LogReg -0.064 0.005 -

SVM 3.737 0.013 + SVM 2.190 0.048 SVM -0.019 0.064

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 1.266 0.097 Bayes 0.386 0.037 Bayes -0.523 0.000 -

C4.5 1.118 0.081 C4.5 0.314 0.065 C4.5 -0.394 0.000 -

KNN 1.158 0.080 KNN 0.395 0.044 KNN -0.476 0.000 -

LogReg 1.295 0.054 LogReg 0.524 0.005 + LogReg -0.531 0.000 -

SVM 1.334 0.043 SVM 0.340 0.047 SVM -0.495 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.044 0.105 Bayes 1.477 0.003 + Bayes 0.069 0.105

C4.5 0.002 0.436 C4.5 1.545 0.003 + C4.5 -0.184 0.052

KNN -0.002 0.494 KNN 1.513 0.001 + KNN -0.028 0.064

LogReg -0.020 0.257 LogReg 1.476 0.005 + LogReg 0.098 0.137

SVM 0.043 0.002 + SVM 1.657 0.002 + SVM 0.109 0.075
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Table 35 p value of F-measure for each dataset and classifier (negMAL) 

 
 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.409 0.000 - Bayes -0.543 0.000 - Bayes -0.012 0.139

C4.5 -0.315 0.000 - C4.5 -0.428 0.000 - C4.5 0.043 0.000 +

KNN -0.363 0.000 - KNN -0.308 0.000 - KNN -0.018 0.020 -

LogReg -0.185 0.000 - LogReg -0.345 0.000 - LogReg -0.002 0.743

SVM 0.025 0.069 SVM -0.067 0.002 - SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.031 0.000 - Bayes -0.119 0.000 - Bayes -0.003 0.360

C4.5 -0.008 0.077 C4.5 -0.156 0.000 - C4.5 0.035 0.001 +

KNN -0.053 0.000 - KNN -0.112 0.000 - KNN 0.039 0.005 +

LogReg -0.043 0.000 - LogReg -0.123 0.000 - LogReg 0.043 0.000 +

SVM -0.036 0.000 - SVM -0.157 0.000 - SVM -0.002 0.353

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.013 0.099 Bayes -0.037 0.154 Bayes -0.021 0.094

C4.5 0.034 0.004 + C4.5 -0.060 0.004 - C4.5 -0.012 0.224

KNN -0.006 0.460 KNN -0.066 0.003 - KNN -0.027 0.136

LogReg 0.003 0.343 LogReg -0.016 0.004 - LogReg -0.014 0.150

SVM -0.001 0.436 SVM -0.060 0.005 - SVM 0.031 0.023 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.306 0.000 - Bayes -0.743 0.000 - Bayes -0.003 0.630

C4.5 -0.264 0.000 - C4.5 -0.663 0.000 - C4.5 0.041 0.002 +

KNN -0.302 0.000 - KNN -0.719 0.000 - KNN 0.012 0.161

LogReg -0.425 0.000 - LogReg -0.744 0.000 - LogReg 0.013 0.285

SVM 0.095 0.020 + SVM -0.715 0.000 - SVM 0.026 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 0.024 0.084 Bayes -0.639 0.000 - Bayes 0.051 0.002 +

C4.5 -0.012 0.075 C4.5 -0.552 0.000 - C4.5 0.091 0.000 +

KNN -0.031 0.034 KNN -0.574 0.000 - KNN 0.065 0.000 +

LogReg -0.023 0.086 LogReg -0.624 0.000 - LogReg 0.066 0.001 +

SVM 0.008 0.317 SVM -0.607 0.000 - SVM 0.001 0.688

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.339 0.030 Bayes -0.062 0.010 - Bayes 0.010 0.132

C4.5 -0.026 0.292 C4.5 -0.077 0.013 - C4.5 0.073 0.000 +

KNN -0.043 0.309 KNN -0.084 0.000 - KNN 0.001 0.467

LogReg -0.038 0.173 LogReg -0.099 0.000 - LogReg 0.011 0.221

SVM -0.019 0.402 SVM -0.076 0.008 - SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 0.003 0.191 Bayes -0.236 0.267 Bayes -0.788 0.000 -

C4.5 -0.015 0.094 C4.5 -0.206 0.267 C4.5 -0.680 0.000 -

KNN -0.025 0.080 KNN -0.218 0.234 KNN -0.759 0.000 -

LogReg -0.007 0.053 LogReg -0.255 0.268 LogReg -0.792 0.000 -

SVM -0.003 0.288 SVM -0.279 0.119 SVM -0.797 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.205 0.063 Bayes -0.138 0.000 - Bayes 0.015 0.161

C4.5 -0.270 0.011 - C4.5 -0.111 0.029 C4.5 -0.007 0.076

KNN -0.177 0.052 KNN -0.129 0.000 - KNN 0.006 0.204

LogReg -0.191 0.040 LogReg -0.137 0.000 - LogReg 0.025 0.202

SVM 0.092 0.114 SVM -0.113 0.061 SVM 0.002 0.075
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Table 36 p value of precision for each dataset and classifier (negMAL) 

 

  

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.255 0.186 Bayes -0.425 0.000 - Bayes 0.074 0.000 +

C4.5 -0.146 0.077 C4.5 -0.414 0.000 - C4.5 0.118 0.000 +

KNN -0.309 0.079 KNN -0.366 0.000 - KNN 0.054 0.000 +

LogReg -0.378 0.078 LogReg -0.502 0.000 - LogReg 0.048 0.000 +

SVM 0.240 0.073 SVM -0.203 0.021 - SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.069 0.000 - Bayes -0.242 0.000 - Bayes -0.116 0.000 -

C4.5 -0.064 0.000 - C4.5 -0.275 0.000 - C4.5 -0.116 0.000 -

KNN -0.085 0.000 - KNN -0.154 0.000 - KNN -0.140 0.000 -

LogReg -0.065 0.000 - LogReg -0.206 0.000 - LogReg -0.064 0.000 -

SVM -0.069 0.000 - SVM -0.241 0.000 - SVM -0.097 0.000 -

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.020 0.052 Bayes -0.054 0.095 Bayes -0.041 0.062

C4.5 -0.007 0.475 C4.5 -0.036 0.146 C4.5 -0.034 0.181

KNN -0.033 0.003 - KNN -0.042 0.163 KNN -0.045 0.093

LogReg -0.030 0.008 - LogReg 0.017 0.076 LogReg -0.045 0.177

SVM -0.036 0.001 - SVM -0.037 0.184 SVM 0.066 0.008 +

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.051 0.338 Bayes -0.019 0.033 Bayes -0.057 0.001 -

C4.5 -0.022 0.300 C4.5 -0.015 0.024 - C4.5 -0.023 0.087

KNN -0.212 0.129 KNN -0.030 0.097 KNN -0.016 0.128

LogReg -0.266 0.062 LogReg -0.056 0.264 LogReg -0.022 0.127

SVM 0.304 0.024 + SVM -0.015 0.042 SVM 0.078 0.000 +

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes -0.128 0.000 - Bayes -0.525 0.000 - Bayes 0.052 0.014 +

C4.5 -0.080 0.000 - C4.5 -0.445 0.000 - C4.5 0.048 0.006 +

KNN -0.081 0.005 - KNN -0.547 0.000 - KNN -0.006 0.468

LogReg -0.060 0.050 LogReg -0.613 0.000 - LogReg 0.034 0.186

SVM 0.027 0.366 SVM -0.613 0.000 - SVM -0.092 0.000 -

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.264 0.039 Bayes -0.093 0.002 - Bayes -0.072 0.000 -

C4.5 -0.015 0.218 C4.5 -0.073 0.031 C4.5 0.010 0.389

KNN -0.030 0.305 KNN -0.080 0.038 KNN -0.063 0.000 -

LogReg -0.022 0.224 LogReg -0.096 0.000 - LogReg -0.034 0.001 -

SVM 0.026 0.451 SVM -0.074 0.036 SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.093 0.002 - Bayes -0.115 0.127 Bayes -0.663 0.000 -

C4.5 -0.074 0.001 - C4.5 -0.194 0.002 - C4.5 -0.584 0.000 -

KNN -0.076 0.035 KNN -0.205 0.002 - KNN -0.693 0.000 -

LogReg -0.039 0.119 LogReg -0.296 0.000 - LogReg -0.733 0.000 -

SVM -0.015 0.135 SVM -0.279 0.000 - SVM -0.740 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.394 0.025 - Bayes -0.204 0.003 - Bayes -0.059 0.000 -

C4.5 -0.161 0.139 C4.5 -0.182 0.057 C4.5 -0.151 0.000 -

KNN -0.183 0.166 KNN -0.195 0.001 - KNN -0.095 0.000 -

LogReg -0.364 0.065 LogReg -0.206 0.001 - LogReg -0.041 0.165

SVM 0.216 0.113 SVM -0.158 0.072 SVM -0.033 0.218
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Table 37 p value of recall for each dataset and classifier (negMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.381 0.000 - Bayes -0.698 0.000 - Bayes -0.089 0.000 -

C4.5 -0.295 0.000 - C4.5 -0.439 0.000 - C4.5 -0.023 0.067

KNN -0.293 0.000 - KNN -0.261 0.000 - KNN -0.081 0.000 -

LogReg -0.116 0.000 - LogReg -0.265 0.000 - LogReg -0.044 0.000 -

SVM 0.014 0.069 SVM -0.047 0.003 - SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes 0.011 0.214 Bayes 0.067 0.240 Bayes 0.207 0.000 +

C4.5 0.051 0.000 + C4.5 0.027 0.093 C4.5 0.284 0.000 +

KNN -0.016 0.013 - KNN -0.018 0.010 - KNN 0.316 0.000 +

LogReg -0.015 0.010 - LogReg 0.023 0.085 LogReg 0.246 0.000 +

SVM 0.003 0.382 SVM -0.010 0.013 - SVM 0.184 0.000 +

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.006 0.545 Bayes -0.004 0.338 Bayes 0.003 0.080

C4.5 0.074 0.000 + C4.5 -0.062 0.102 C4.5 0.013 0.488

KNN 0.023 0.098 KNN -0.066 0.107 KNN -0.006 0.055

LogReg 0.036 0.015 + LogReg -0.027 0.240 LogReg 0.020 0.173

SVM 0.035 0.052 SVM -0.061 0.112 SVM -0.012 0.016 -

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.420 0.000 - Bayes -0.819 0.000 - Bayes 0.055 0.001 +

C4.5 -0.359 0.000 - C4.5 -0.659 0.000 - C4.5 0.107 0.000 +

KNN -0.279 0.000 - KNN -0.755 0.000 - KNN 0.043 0.004 +

LogReg -0.449 0.000 - LogReg -0.777 0.000 - LogReg 0.050 0.024 +

SVM 0.060 0.019 + SVM -0.763 0.000 - SVM -0.048 0.000 -

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 0.164 0.022 + Bayes -0.659 0.000 - Bayes 0.047 0.069

C4.5 0.066 0.103 C4.5 -0.563 0.000 - C4.5 0.134 0.000 +

KNN 0.029 0.208 KNN -0.521 0.000 - KNN 0.133 0.000 +

LogReg 0.021 0.177 LogReg -0.561 0.000 - LogReg 0.100 0.000 +

SVM -0.016 0.114 SVM -0.535 0.000 - SVM 0.088 0.000 +

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 0.390 0.034 Bayes -0.016 0.217 Bayes 0.101 0.000 +

C4.5 -0.022 0.075 C4.5 -0.062 0.110 C4.5 0.146 0.000 +

KNN -0.041 0.116 KNN -0.069 0.096 KNN 0.075 0.000 +

LogReg -0.039 0.080 LogReg -0.082 0.028 LogReg 0.066 0.000 +

SVM -0.055 0.168 SVM -0.060 0.090 SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 0.109 0.066 Bayes -0.233 0.183 Bayes -0.851 0.000 -

C4.5 0.062 0.097 C4.5 -0.059 0.004 - C4.5 -0.709 0.000 -

KNN 0.045 0.113 KNN -0.071 0.007 - KNN -0.758 0.000 -

LogReg 0.038 0.133 LogReg -0.068 0.007 - LogReg -0.783 0.000 -

SVM 0.021 0.072 SVM -0.119 0.026 SVM -0.787 0.000 -

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.138 0.060 Bayes -0.040 0.170 Bayes 0.137 0.000 +

C4.5 -0.294 0.000 - C4.5 -0.009 0.260 C4.5 0.192 0.000 +

KNN -0.143 0.064 KNN -0.033 0.117 KNN 0.159 0.000 +

LogReg -0.130 0.055 LogReg -0.036 0.196 LogReg 0.133 0.000 +

SVM 0.067 0.117 SVM -0.043 0.131 SVM 0.064 0.007 +
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Table 38 p value of Brier score for each dataset and classifier (negMAL) 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes 0.068 0.000 + Bayes 56.025 0.040 Bayes 0.005 0.679

C4.5 -0.146 0.000 - C4.5 55.906 0.040 C4.5 -0.168 0.000 -

KNN 0.063 0.001 + KNN 56.088 0.039 KNN 0.020 0.041

LogReg 0.087 0.000 + LogReg 56.145 0.039 LogReg 0.017 0.110

SVM 0.033 0.057 SVM 56.105 0.039 SVM 0.012 0.202

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes 1807.317 0.000 + Bayes 11.265 0.003 + Bayes 3.378 0.037

C4.5 1807.255 0.000 + C4.5 11.328 0.003 + C4.5 3.145 0.060

KNN 1807.366 0.000 + KNN 11.255 0.003 + KNN 3.361 0.039

LogReg 1807.344 0.000 + LogReg 11.265 0.003 + LogReg 3.336 0.041

SVM 1807.350 0.000 + SVM 11.356 0.003 + SVM 3.374 0.038

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes 16261.283 0.028 Bayes 2173.510 0.000 + Bayes 21359.722 0.061

C4.5 16261.215 0.028 C4.5 2173.525 0.000 + C4.5 21359.695 0.064

KNN 16261.282 0.028 KNN 2173.559 0.000 + KNN 21359.745 0.060

LogReg 16261.276 0.028 LogReg 2173.471 0.000 + LogReg 21359.707 0.062

SVM 16261.280 0.028 SVM 2173.537 0.000 + SVM 21359.564 0.065

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes 4.540 0.038 Bayes 42.940 0.000 + Bayes 2.744 0.470

C4.5 4.396 0.044 C4.5 42.783 0.000 + C4.5 2.579 0.082

KNN 4.709 0.034 KNN 42.927 0.000 + KNN 2.726 0.684

LogReg 4.773 0.033 LogReg 42.970 0.000 + LogReg 2.713 0.497

SVM 4.718 0.034 SVM 42.933 0.000 + SVM 2.658 0.081

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes 676.766 0.019 + Bayes 3.624 0.148 Bayes -0.078 0.000 -

C4.5 676.794 0.019 + C4.5 3.351 0.189 C4.5 -0.180 0.000 -

KNN 676.903 0.019 + KNN 3.621 0.148 KNN -0.023 0.068

LogReg 676.878 0.019 + LogReg 3.651 0.144 LogReg -0.056 0.005 -

SVM 676.759 0.019 + SVM 3.652 0.144 SVM 0.035 0.024 +

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes 21550.521 0.032 Bayes 2211.389 0.034 Bayes 0.016 0.225

C4.5 21551.195 0.033 C4.5 2211.393 0.032 C4.5 -0.156 0.000 -

KNN 21551.258 0.009 + KNN 2211.442 0.032 KNN 0.026 0.002 +

LogReg 21551.250 0.009 + LogReg 2211.426 0.033 LogReg 0.030 0.002 +

SVM 21551.180 0.013 + SVM 2211.419 0.033 SVM 0.011 0.161

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes 2043.266 0.041 Bayes 374.950 0.018 + Bayes 0.676 0.000 +

C4.5 2043.226 0.037 C4.5 374.880 0.018 + C4.5 0.385 0.181

KNN 2043.312 0.037 KNN 375.021 0.178 KNN 0.652 0.000 +

LogReg 2043.274 0.037 LogReg 375.014 0.159 LogReg 0.696 0.000 +

SVM 2043.243 0.051 SVM 375.070 0.018 + SVM 0.704 0.000 +

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes 1.280 0.116 Bayes 904.115 0.000 + Bayes 4.609 0.016 +

C4.5 0.994 0.361 C4.5 904.039 0.000 + C4.5 4.532 0.023 +

KNN 1.239 0.211 KNN 904.103 0.000 + KNN 4.631 0.012 +

LogReg 1.268 0.137 LogReg 904.115 0.000 + LogReg 4.601 0.017 +

SVM 1.256 0.156 SVM 904.048 0.000 + SVM 4.614 0.014 +
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Table 39 p value of MCC for each dataset and classifier (negMAL) 

 

 

Dataset  Δµ  p Sig Dataset  Δµ  p Sig Dataset  Δµ  p Sig

01.Blood Transfusion Service Center 09.ILPD (Indian Liver Patient Dataset) 17.Credit Approval

Bayes -0.253 0.000 - Bayes -0.322 0.000 - Bayes 0.015 0.363

C4.5 -0.132 0.000 - C4.5 -0.214 0.000 - C4.5 0.134 0.000

KNN -0.246 0.000 - KNN -0.111 0.000 - KNN -0.004 0.522

LogReg -0.166 0.000 - LogReg -0.217 0.000 - LogReg 0.022 0.131

SVM 0.035 0.188 SVM -0.032 0.156 SVM 0.000 1.000

02.Breast Cancer Wisconsin (Diagnostic) 10.Ionosphere 18.Cylinder Bands (Continuous attributes)

Bayes -0.091 0.000 - Bayes -0.530 0.000 - Bayes -0.194 0.000

C4.5 -0.037 0.151 C4.5 -0.628 0.000 - C4.5 -0.149 0.000

KNN -0.148 0.000 - KNN -0.476 0.000 - KNN -0.175 0.000

LogReg -0.120 0.000 - LogReg -0.519 0.000 - LogReg -0.065 0.030

SVM -0.102 0.000 - SVM -0.622 0.000 - SVM -0.170 0.000

03.Breast Cancer Wisconsin (Original) 11.Iris 19.Dermatology

Bayes -0.020 0.099 Bayes -0.121 0.090 Bayes -0.247 0.108

C4.5 0.049 0.006 + C4.5 -0.161 0.008 - C4.5 -0.202 0.208

KNN -0.009 0.448 KNN -0.176 0.005 - KNN -0.290 0.135

LogReg 0.003 0.373 LogReg -0.009 0.016 - LogReg -0.224 0.156

SVM -0.003 0.473 SVM -0.161 0.019 - SVM 0.497 0.010

04.Breast Cancer Wisconsin (Prognostic) 12.Mammographic Mass 20.Hepatitis

Bayes -0.116 0.119 Bayes -0.551 0.000 - Bayes -0.122 0.057

C4.5 -0.062 0.303 C4.5 -0.434 0.000 - C4.5 0.042 0.491

KNN -0.201 0.001 - KNN -0.516 0.000 - KNN -0.011 0.733

LogReg -0.320 0.000 - LogReg -0.563 0.000 - LogReg -0.014 0.748

SVM 0.080 0.108 SVM -0.504 0.000 - SVM 0.461 0.000

05.Breast Tissue 13.Pima Indians Diabetes 21.Horse Colic

Bayes -0.465 0.014 - Bayes -0.452 0.000 - Bayes 0.083 0.001

C4.5 -0.399 0.001 - C4.5 -0.320 0.000 - C4.5 0.130 0.000

KNN -0.450 0.006 - KNN -0.401 0.000 - KNN 0.078 0.002

LogReg -0.322 0.067 LogReg -0.478 0.000 - LogReg 0.096 0.003

SVM 0.156 0.244 SVM -0.463 0.000 - SVM -0.026 0.226

06.Ecoli 14.Seeds 22.Statlog (Australian Credit Approval)

Bayes -0.135 0.098 Bayes -0.230 0.003 - Bayes 0.002 0.272

C4.5 -0.206 0.175 C4.5 -0.256 0.011 - C4.5 0.120 0.000

KNN -0.327 0.081 KNN -0.277 0.000 - KNN -0.009 0.510

LogReg -0.297 0.062 LogReg -0.320 0.000 - LogReg 0.014 0.184

SVM 0.163 0.137 SVM -0.255 0.009 - SVM 0.000 1.000

07.Glass Identification 15.Vertebral Column 23.Statlog (Heart)

Bayes -0.392 0.019 - Bayes -0.154 0.272 Bayes -0.644 0.000

C4.5 -0.393 0.001 - C4.5 -0.134 0.146 C4.5 -0.452 0.000

KNN -0.379 0.044 KNN -0.149 0.212 KNN -0.611 0.000

LogReg -0.244 0.150 LogReg -0.223 0.127 LogReg -0.673 0.000

SVM 0.020 0.120 SVM -0.243 0.072 SVM -0.682 0.000

08.Haberman's Survival 16.Wine 24.Teaching Assistant Evaluation

Bayes -0.175 0.069 Bayes -0.566 0.000 - Bayes -0.202 0.001

C4.5 -0.089 0.149 C4.5 -0.489 0.026 C4.5 -0.395 0.000

KNN -0.068 0.156 KNN -0.544 0.000 - KNN -0.284 0.000

LogReg -0.156 0.068 LogReg -0.565 0.000 - LogReg -0.129 0.084

SVM 0.060 0.108 SVM -0.403 0.043 SVM -0.115 0.286
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APPENDIX D LINEAR PROJECTIONS OF THE DATASETS 

 

Figure 30 Linear projection of Blood Transfusion Service Center 
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Figure 31 Linear projection of Breast Cancer Wisconsin (Diagnostic) 
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Figure 32 Linear projection of Breast Cancer Wisconsin (Original) 
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Figure 33 Linear projection of Breast Cancer Wisconsin (Prognostic) 
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Figure 34 Linear projection of Breast Tissue 
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Figure 35 Linear projection of Ecoli 
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Figure 36 Linear projection of Glass Identification 
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Figure 37 Linear projection of Haberman's Survival 
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Figure 38 Linear projection of ILPD (Indian Liver Patient Dataset) 



102 
 

 

 

Figure 39 Linear projection of Ionosphere 
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Figure 40 Linear projection of Iris 
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Figure 41 Linear projection of Mammographic Mass 
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Figure 42 Linear projection of Pima Indians Diabetes 
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Figure 43 Linear projection of Seeds 
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Figure 44 Linear projection of Vertebral Column 
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Figure 45 Linear projection of Wine 
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Figure 46 Linear projection of Credit Approval 
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Figure 47 Linear projection of Cylinder Bands 
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Figure 48 Linear projection of Dermatology 
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Figure 49 Linear projection of Hepatitis 
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Figure 50 Linear projection of Horse Colic 
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Figure 51 Linear projection of Statlog (Australian Credit Approval) 
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Figure 52 Linear projection of Statlog (Heart) 
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Figure 53 Linear projection of Teaching Assistant Evaluation 
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