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Abstract: Classification of data with imbalanced class distribution has encountered a significant
drawback by most conventional classification learning methods which assume a relatively balanced
class distribution. This paper proposes a novel classification method based on data-partition and
SMOTE for imbalanced learning. The proposed method differs from conventional ones in both the
learning and prediction stages. For the learning stage, the proposed method uses the following three
steps to learn a class-imbalance oriented model: (1) partitioning the majority class into several clusters
using data partition methods such as K-Means, (2) constructing a novel training set using SMOTE on
each data set obtained by merging each cluster with the minority class, and (3) learning a classification
model on each training set using convention classification learning methods including decision tree,
SVM and neural network. Therefore, a classifier repository consisting of several classification models
is constructed. With respect to the prediction stage, for a given example to be classified, the proposed
method uses the partition model constructed in the learning stage to select a model from the classifier
repository to predict the example. Comprehensive experiments on KEEL data sets show that the
proposed method outperforms some other existing methods on evaluation measures of recall, g-mean,
f-measure and AUC.
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1. Introduction

Class-imbalanced problems is an important research field in machine learning and pattern
recognition [1], and, for two-class problems, the imbalanced data is characterized as the size of
one class (minority class or positive class) is much smaller than that of the contrary one (majority
class or negative class) [2]. In many practical applications, correctly classifying the minority class
examples is often of greater importance than correctly classifying the contrary ones. For example,
in fraud detection, only few cases are the fraud cases and how to correctly identify the fraud cases is
very meaningful [3]. Although classification methods, such as k-nearest neighbor (KNN), decision tree,
support vector machine (SVM) and back-propagation neural network, have been widely used in many
real-world applications to guild decision-making, classifying imbalanced data still challenges these
conventional classification models. The reasons include (1) when facing the imbalanced circumstance,
standard approaches often provide a good coverage of the majority class examples, distorting the
minority class examples [4], (2) the learning process guided by measures such as global accuracy leads
to an overlooking to the minority class examples [5], (3) minority class examples may be misclassified
into noise and vice versa, since both of them are the rare class in the data space [6] and (4) minority
class examples may overlap with other classes, which causes minority class examples often being
misclassified into the majority class [7].
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Many approaches have been proposed to handle the class-imbalanced problems.
These approaches can be mainly categorized into two levels: data level approaches and algorithm level
approaches. Approaches at data level try to rebalance the data distribution by sampling the data space
such that the conventional learning methods can capture the characteristics of the minority class [8–17].
Approaches at the algorithm level try to improve the generalization ability of existing algorithms on
imbalanced data by adjusting the learning process of the algorithms. In this manner, these approaches
require clear comprehension of the algorithm itself and its application domains, knowing why the
algorithm performs poorly when the data distribution is imbalanced. Existing methods at this
level include enhancing the discriminatory ability of classifiers using kernel transformation [18]
and converting the learning objective to functions which punish errors on the minority class more
severely [19].

This paper proposes a novel classification method based on data-partition and an oversampling
technique, namely SMOTE [10], for imbalanced learning. In the learning stage, the proposed method
firstly pre-processes the training set using partition methods and SMOTE: using partition methods
such as K-Means [20] to partition the majority class into several clusters, and create a new training set
using SMOTE to oversample each data set obtained by merging the minority class with each cluster.
Then, the proposed method learns a classification model on each novel training set, and therefore a
repository of classification models is constructed. In the prediction stage, the method uses a partition
model obtained in the learning stage to distribute an unlabeled example into a cluster, and the
corresponding classification model is selected. The idea of partitioning the majority set is inspired
by the intuition that the new training set obtained through operations of partition, merging and
over-sampling is more balanced and separable. For example, the model (such as SVM) learned on the
data set shown in the left sub-figure of Figure 1 intuitively tends to predict the positive class samples
to be negative ones. After partitioning the negative class set to several clusters, the model learned
from the novel data set obtained by merging the positive class and each cluster (the example set in
solid ellipse of the right sub-figure of Figure 1) is more prone to correctly classifying the three positive
class examples, as the novel data set is separable. The right sub-figure of Figure 1 also shows that the
new training set obtained after the over-sampling operation (the hollow cross represents an example
generated by SMOTE) can further improve the performance of conventional methods on imbalanced
data. Therefore, the main contributions of this work are as follows:

• proposing a data-partition based method to enhance separability between majority class
and minority class, and thus improving the performance of conventional methods on
class-imbalance data;

• combining an oversampling technique, namely SMOTE, with a data-partition method through
oversampling the partitioned data to obtain a more balanced one, and thus further enhancing the
performance of traditional methods on imbalanced problems;

• extensive experiments are conducted and the corresponding results show that the proposed
method significantly outperforms the other state-of-the-art methods on measures of recall, g-mean,
f-measure and AUC.

The rest of the paper is organized as follows. After presenting the related work in Section 2,
Section 3 describes the proposed method for class-imbalanced problem, followed by the discussion of
parameters learning in Section 4 and the experimental results in Section 5. Finally, Section 6 concludes
the paper.
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Figure 1. Characteristics of data. (Left): original data; (Center): after partition; (Right): after merging
and over-sampling. The bars represent the majority class samples, the crosses represent the minority
class samples, and the hollow cross represents the sample generated by oversampling.

2. Related Work

2.1. Characteristics of Imbalanced Data

The imbalanced data set that exhibits an unequal distribution between its classes can be considered
imbalanced (skewed). Theoretical and empirical results indicate that, besides the skewed data
distribution, many factors influence the classifier performance on identifying the minority class
examples [21]. These factors include imbalanced class distribution, small sample size, class overlapping
and within-class subconcepts.

• Imbalanced Class Distribution: The imbalance degree of a data set is often denoted by the ratio
of the size of the majority class to that of the minority class. The studies carried out by Weiss
and Provostin [22] showed that the model constructed on a relatively balanced distribution
usually obtains a better classification performance. However, it is difficult to explicitly state at
what imbalance degree the class distribution would deteriorate the classification performance
due to other factors including class overlapping and within-class subconcepts also affecting
the performance.

• Small Sample Size: For a data with a given imbalance degree, the data size determines the
performance of a classification model. If the data size is small, limited examples of the minority
class can not cover the inherent regularities. The studies carried out by Japkowicz and Stephen [23]
indicated that, providing a large enough data set, the imbalanced class distribution may not
affect the classification performance. However, in practice, collecting sufficient data for class
imbalanced data sets is challenging [24].

• Class Overlapping: Class overlapping is the major issue that causes the difficulty of separating the
minority class from the majority class. Simple rules can be induced to distinguish class examples
if there are highly discriminative patterns existing in the examples among different classes.
However, if the examples belonging to different classes overlap, it is hard for discriminative
models to be induced, and, in most cases, examples belonging to the minority class are incorrectly
classified to the contrary cases.

• Within-Class Subconcepts: Within-class subconcepts mean that the examples of a class are collected
from various subconcepts and the size of these subconcepts may be different. The existing of
within-class concepts increases the learning concept complexity on the imbalanced data set [25].

2.2. Sampling Technique

The sampling technique including under-sampling, over-sampling and clustering-based sampling
is one of the most popular methods to solve the problem existing in imbalanced data [26,27].
The approaches of the under-sampling technique aim to balance the data distribution by eliminating
majority class examples. Random under-sampling, a commonly used sampling method, randomly
discards majority class examples until a relatively balanced distribution is reached. The problem
existing in random under-sampling is that useful examples may be eliminated leading to a worse
classification performance [28]. To overcome this drawback, many methods have been proposed to
retain useful information presented in the majority class. Examples include the condensed nearest
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neighbor (CNN) rule [29] and Tomek Links [30], where CNN tries to remove redundant examples of
the majority class and Tomek Links is to discard borderline and noisy examples.

The approaches of the over-sampling technique is to rebalance the data distribution by creating
a new minority class, and random over-sampling is one of the most widely used over-sampling
methods. In random over-sampling, majority class examples are randomly duplicated such that
the class distribution is more balanced. Though the over-sampling technique creates more balanced
distribution, it suffers from the drawback of overfitting [28]. The synthetic minority over-sampling
technique (SMOTE) [10] was proposed to overcome this drawback, which synthetically generates
new minority class examples along the line between the two selected minority class samples.
Borderline over-sampling [31] only oversamples the borderline minority class samples since the
borderline region is more crucial for establishing the decision boundary. The majority weighted
minority oversampling technique (MWMOTE) [14] identifies the hard-to-learn informative minority
samples, assigns weights according to their distances from the nearest majority class samples,
and generates synthetic samples from the weighted minority class samples. Some other over-sampling
methods such as Borderline-SMOTE [32] and Safe-level-SMOTE [33] were also proposed to
handle overfitting.

In recent years, many clustering-based sampling approaches have been proposed for handling
class-imbalanced problem, such as Sobhani [12] dividing the majority class into several clusters and
selecting at least one sample from each cluster to form a subset of the majority class with the size equal
to the minority class. Yen [13] partitioned the whole training set into several clusters, and selected
majority class samples from each cluster according to the ratio of the size of the majority class to that of
the minority class, and combined the selected majority class samples with the minority class samples
to obtain a new training set. Prachuabsupakij [34] proposed a method that partitions the training set
into two clusters, uses over-sampling and under-sampling to resample each cluster, learns a random
forest on each resampled cluster, and obtains the prediction on an example by combining the results
from both clusters through a majority vote.

Our method differs from the above methods both in the learning and prediction stages: for the
learning stage, our method first partitions the majority class into several clusters, and directly combines
the minority class with each cluster as a new cluster, applies SMOTE to oversample each new cluster,
and, based on each new cluster, a conventional classification model is learned. Therefore, a classifier
lab with a size equal to partition number is constructed. For the prediction stage, the partition method
learned in the learning stage is used to select the corresponding classification model for prediction and
thus our method is a special single model instead of an ensemble one.

2.3. Clustering

The process of grouping a set of examples into classes of similar characteristic is called clustering.
A cluster is a collection of examples within which the examples are similar to each other and are
dissimilar to examples of other clusters [35]. Many clustering algorithms have been proposed,
and partition based clustering and hierarchical clustering are commonly used methods.

Partition-based clustering constructs k partitions of the examples, where each partition represents
a cluster. These clusters should fulfill the following requirements: (1) each cluster must contain at
least one object, and (2) each example must belong to exactly one cluster. K-Means is widely used in
many practical applications because of its simplicity and adaptability [36]. In the K-Means algorithm,
a center is the average of all points in a partition. Other commonly used partition based clustering
methods including ISODATA [37] and PAM [38].

Hierarchical clustering (HC) algorithms organize data into a hierarchical structure according to
the proximity matrix [39]. HC could be mainly categorized into two groups: agglomerative methods
and divisive methods. Agglomerative methods start with N clusters and each cluster is composed of
only one example and then iteratively merges the two closest clusters until the pre-determined number
of cluster is reached. Contrary to agglomerative methods, divisive methods start with the entire data
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set as one cluster and iteratively divides the most appropriate cluster, and repeats the dividing process
until a pre-specified criterion is reached.

2.4. Evaluation Measures

Evaluation measures play a key role in both accessing the performance of the classification model
and the guiding of its modeling process [25]. Traditional evaluation measures such as accuracy focus
more on the majority class examples, ignoring the minority class examples that are relative to the user
preference [28]. For example, in a problem where the minority class contains 1% of all the examples,
a naive approach predicting all examples to be the majority class would achieve an accuracy of 99%.
Though 99 percentage accuracy appears good on the whole data set, all of the minority class examples
are misclassified.

Table 1 presents the confusion matrix of the prediction of a classifier on biclass problem. Based on
Table 1, many measures including recall, precision, f-measure and g-mean have been designed for the
class-imbalanced problem. Recall and precision are defined as:

recall =
TP

TP + FN
, (1)

precision =
TP

TP + FP
. (2)

Table 1. Confusion matrix of biclass problem.

Predicted as Positive Predicted as Negative

Actually Positive True Positives (TP) False Negatives (FN)
Actually Negative False Positives (FP) True Negatives (TN)

F-measure is s a harmonic mean between recall and precision, when the relative importance between
recall and precision is set to 1, f-measure becomes f1-measure, formally

f -measure = 2× precision× recall
precision + recall

. (3)

Like f-measure, g-mean is another metric considering both minority class and majority class.
Specifically, g-mean measures the balanced performance of a classifier using the geometric mean of the
recall of minority class and that of majority class. Formally, g-mean is as follows:

g-mean =

√
TP

TP + FN
× TN

TN + FP
. (4)

In addition, AUC is a commonly used measure to evaluate model performance. According to [28],
AUC can be estimated by

AUC =

(
TP

TP + FN
+

TN
TN + FP

)/
2. (5)

In this paper, we apply recall, g-mean, f-measure, AUC and precision as candidate measures to
evaluate the generalization ability of the proposed method.

3. Imbalanced Learning Based on Data-Partition and SMOTE

In this paper, a novel imbalanced learning method based on data-partition and SMOTE is
proposed, which is a method of data level approaches for class-imbalanced problems. Figure 2
illustrates the learning and prediction stages of the proposed method. Different from other existing
methods, in the learning stage, the method partitions the majority class Dmaj into m clusters



Information 2018, 9, 238 6 of 22

{Ci|i = 1, 2, · · · , m} using a partition algorithm (e.g., K-Means) with ∪Ci = Dmaj, Ci ∩ Cj = ∅
and i 6= j, constructs a data set by merging the minority class Dmin with each cluster Ci (namely
Cmer,i = Dmin ∪ Ci), oversamples each set Cmer,i to obtain a new training set Cnew,i, and learns a model
using conventional learning methods such as SVM on each novel training set Cnew,i. In this manner,
the proposed method learns a classifier repository consisting of m models. In the prediction stage,
a model is selected from the repository using the partition method obtained in the learning stage to
predict the class label of example x. The algorithm details of the proposed method are provided in
Algorithm 1.

D 

Majority class Dmaj 

Cluster C1 Minority class Dmin 

Cmer,1 

Mm 

Cluster Ci Cluster Cm 

Cmer,i Cmer,m 

Mi M1 

Example x 

Partition method(e.g. 
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L
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d
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 C
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Figure 2. Diagram of the proposed method.



Information 2018, 9, 238 7 of 22

Algorithm 1 Imbalanced learning algorithm based on data-partition and SMOTE.
Learning Stage:
Input:
D—training set;
m—number of clusters;
P—partition algorithm (e.g., K-Means);
SM—over-sampling method SMOTE;
Learn—classification method learning method.
Output: a classifier repository M.
1. Let Dmaj and Dmin be majority and minority class set respectively;
2. C = P(Dmaj,m);
3. for Ci in C do
4. Cmer,i = Ci ∪ Dmin;
5. Cnew,i = SM(Cmer,i);
6. Mi = Learn(Cnew,i);
7. M = ∪Mi;
8. end for
9. return M;
Prediction Stage:
Input:
x—example to be classified;
P—partition algorithms (e.g., K-Means);
M—the classifier repository.
Output: class label y to which example x belongs to
10. γ = P(x); //get the label of cluster to which x belongs to
11. y = Mγ(x); //predict x’s class using corresponding model
12. return y.

In the learning stage, the algorithm firstly preprocesses the training data set: separating the
training set into two sets, namely the majority class set Dmaj and the minority class set Dmin (line 1),
partitioning the majority class set Dmaj into m clusters C = {Ci|i = 1, 2, ..., m} (line 2) using the
partition method. Then, the algorithm iteratively learns base models on the training sets obtained by
(1) merging each cluster Ci with the minority class Dmin to be Cmer,i, and (2) over-sampling the merged
cluster Cmer,i to get the new training set Cnew,i (lines 3–7). In the prediction stage, the algorithm uses
the partition model obtained in the learning stage to distribute an unclassified example x into a cluster
with label γ (line 10). Then, the corresponding model Mγ is employed to predict the class label of the
example (line 11).

K-Means was used as the clustering algorithm (refer to line 220) in the proposed method. We have
compared the results obtained by clustering algorithms, such as K-Means, hierarchical clustering and
random clustering, and found that there were few differences among them, so we selected K-Means as
a representative.

Intuitively, different partition methods (lines 2 and 10) may lead to diverse performance of the
learned models. We have compared the results obtained by different clustering algorithms, such as
K-Means, hierarchical clustering and random clustering, and found that there were few differences
among them. Thus, this paper uses K-Means as the candidate to partition the majority class due
to its simplicity and adaptability [39]. Given a data set D = {x1, x2, . . . , xn}, K-Means learns the
cluster set C = {C1, C2, . . . , Cm} by minimizing the squared error E of the clusters where ∪Ci = Dmaj,
Ci ∩ Cj = ∅, i 6= j, and E is formally defined as

E =
m

∑
j=1

∑
x∈Cj

‖x− dj‖2, (6)
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where dj is the centroid of cluster Cj, defined by

dj =
1
|Cj| ∑

x∈Cj

x, (7)

where |Cj| is the size of cluster Cj. Intuitively, Equation (6) reflects the tightness of the examples within
a cluster around the corresponding centroid, and the smaller the value of Equation (6), the more similar
the examples within a cluster.

K-Means approximately optimizes Equation (6) iteratively: (1) randomly selecting m examples
from D as the initial centroids {d1, d2, . . . , dm} of clusters, (2) for each xi ∈ D, calculating the distance
between xi and each centroid dj, namely dis(xi, dj) = ‖xi − dj‖, and merging xi to the cluster Cλ

(Cλ = Cλ ∪ xi) with the smallest distance, namely dis(xi, dλ) < dis(xi, dj) for λ 6= j, (3) calculating
the centroid d′j of each cluster Cj using Equation (7) and updating the centroid dj to be d′j if d′j 6= dj;
(4) repeating steps 2 and 3 until all the centroids remain unchanged.

The proposed method applies K-Means to partition the majority class (refer to lines 2 and 10 of
the algorithm shown in Algorithm 1), and uses Euclidean distance to calculate the distance between
the example and the centroid, formally

dis(xi, dj) =

√√√√ L

∑
l=1
||xil − djl ||2. (8)

In the prediction stage, the proposed method firstly distributes an unlabeled example to the cluster
Cγ (refer to line 10 in Algorithm 1) using Euclidean distance (Equation (8)) and then predicts the label
of the example using the corresponding classification model Mγ (refer to line 11 in Algorithm 1), where

γ = argj min
j∈{1,2,...,m}

dis(xi, dj), (9)

where dis(xi, dj) is calculated by Equation (8). The corresponding experimental results are shown
in Section 5.

Another problem existing in the proposed method is the classification learning method for
constructing basic classifiers (line 6 in Algorithm 1). In this paper, six conventional classifier learning
methods, namely k-nearest neighbor (KNN) [40,41], C4.5 [42,43], logistic regression (LR) [44,45],
support vector machine (SVM) [46,47], neural network (NN) [48–50] and naive Bayes (NB) [51,52],
respectively, are selected as candidates to evaluate the performance of the proposed method.

Let t, N and l be the iteration number of k-means, the size of the original data and the
number examples generated by SMOTE, respectively. Denote O(Learn(D)) as the running time
for learning a given classifier on the data set D, which is determined by the corresponding
classifier model. The running time of learning the proposed model is dominated by line
2 and the loop from line 3 to line 9. Line 2 uses K-Means to partition the majority set,
which can be done in O(tm|Dmaj|) < O(tmN). The loop from lines 4 to 8 oversamples the
merged data Cmer,i consuming O(l|Dmin|log|Dmin|) < O(lNlogN) and learns a given classifier with
O(Learn(Cnew,i)) < O(Learn(D)), and thus the running time of the loop from 3 to 9 is less than
O(mlNlogN + mLearner(D)). Therefore, the running time of the learning model using the proposed
method is less than O(m(tN + lNlogN + Learn(D)). Note that l, t, m� N. In addition, the running
time of learning a classifier Mi is on a balanced data set Cnew,i whose size is much smaller than D and
therefore our experiments show that the running time of learning m classifiers on balanced data sets
is comparable to (even much less than) learning a model on the whole data set, especially for SVM.
For predicting an example x, the proposed method consumes more running time than other methods
for getting the cluster x to belong to, which needs O(m). Therefore, the proposed method is a very
efficient learning approach.
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4. Parameter Setting

The problem in the algorithm shown in Algorithm 1 is how to set the cluster number m used
by partition method for partitioning the majority class. In this section, K-Means was selected as the
candidate partition method, and the six conventional classification methods, namely k-nearest neighbor
(KNN), C4.5, logistic regression (LR), support vector machine (SVM), neural network (NN) and naive
Bayes (NB), were selected as the basic classifiers, in order to evaluate the impact of parameter m on the
performance of the proposed method. In addition, AUC was selected as the candidate measurement.

Figure 3 reports the impact of parameter m on the performances of the six learning methods,
namely KNN, C4.5, LR, SVM, NN and NB, in term of AUC, where each row indicates the performance
of a given classifier on four data sets and the columns are the results of the six classifiers on a given
data set. For each sub-figure, the horizontal axis is the value of m growing gradually from 1 to
20 with step 1 and the vertical axis is the average AUC performance on 10-fold cross validation.
For example, the sub-figure of the second row (corresponding to algorithm C4.5) and the third column
(corresponding to data set flare-F) shows the AUC curve of C4.5 on data set flare-F. Here, the four data
sets, namely car-good, ecoli-0-3-4-7_vs_5-6, flare-F and zoo-3, are selected as candidate data sets to
evaluate the impact of m. More details about the four data sets refer to Section 5.1. The results are
obtained as follows: given the value of m, 10-fold cross validation is conducted on each data set and
10 results are obtained. Then, the final result is calculated by averaging the 10 results, which is drawn
as a point in the figure.
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From Figure 3, partition methods can effectively improve the performance of models on most
data sets (m = 1 corresponding to the original model). In addition, we observed from Figure 3 that
classifiers achieve acceptable AUC performance if m = dNmaj/(Nmin × 2)e, where Nmaj and Nmin are
the size of majority class and minority class, respectively. Take classifier KNN on data set car-good as
an example. The AUC is rather good at m = dNmaj/(Nmin × 2)e = 13. Similar results can be observed
from other subfigures in Figure 3. This result is not in accordance with the intuitive expectation of
m = Nmaj/Nmin, since the partition method can not guarantee that the size of clusters are similar to
each other [53]. In fact, our experiments show that the size of some clusters may be much smaller
than that of the minority class, which leads to a novel imbalance and thus may reduce the model
performance. Therefore, we take m = dNmaj/(Nmin × 2)e in the following experiments.

5. Experiments

5.1. Experimental Setup

This paper focuses only on the binary classification, and seventeen binary class imbalanced data
sets, the details of which are shown in Table 2, were randomly selected from the KEEL repository [54],
where Instances, Attributes and IR are the size of data sets, number of attributes and imbalance ratio,
respectively. The imbalance ratio is defined as the ratio of the size of the majority class to that of the
minority class.

Table 2. Summary description of imbalanced data sets.

ID Data Set Instances Attributes IR (Imbalance Ratio)

id1 segment0 2308 19 6.02
id2 yeast-0-3-5-9_vs_7-8 506 8 9.12
id3 yeast-0-2-5-6_vs_3-7-8-9 1004 8 9.14
id4 ecoli-0-4-6_vs_5 203 6 9.15
id5 ecoli-0-3-4-7_vs_5-6 257 7 9.28
id6 ecoli-0-1-4-7_vs_2-3-5-6 336 7 10.59
id7 led7digit-0-2-4-5-6-7-8-9_vs_1 443 7 10.97
id8 glass-0-6_vs_5 108 9 11.00
id9 glass-0-1-4-6_vs_2 205 9 11.06

id10 ecoli-0-1-4-7_vs_5-6 332 6 12.28
id11 shuttle-c0-vs-c4 1829 9 13.87
id12 page-blocks-1-3_vs_4 472 10 15.86
id13 zoo-3 101 16 19.20
id14 shuttle-6_vs_2-3 230 9 22.00
id15 flare-F 1066 11 23.79
id16 car-good 1728 6 24.04
id17 poker-9_vs_7 244 10 29.50

To evaluate the performance of the proposed method on class-imbalanced problems, a ten-fold
cross-validation strategy was applied: each data set is divided into ten folds with similar sizes, and nine
folds are used to train a model. The remaining one is used for testing the model [55]. On each data set,
we conducted ten times the ten-fold validation and, therefore, 100 models were actually constructed.

Thirty methods were designed for the experiment, and, based on a basic classifier used by the
proposed method (refer to line 6 of Algorithm 1), the methods are grouped into six categories.

KNN Based Methods:

• K-nearest neighbor (KNN) [56,57] searches k nearest neighborhoods of a given example and
predicts the class of the example using a majority vote of its neighbors. k was set to be 3 in the
experiments.
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• Data-partition-KNN (DP-KNN) partitions the majority class into m clusters using K-Means
and learns a KNN model on each set obtained by merging each cluster and minority class.
For prediction, DP-KNN selects a KNN model according to the learned K-Means model to predict
the example class. Here, we set k = 3 (for KNN) m = dNmaj/(Nmin × 2)e, where Nmaj and Nmin
represent the size of majority class and that of minority class (refer to Section 4).

• SMOTE-KNN (S-KNN) oversamples the training set using SMOTE to obtain a relatively balanced
class distribution, and on which a KNN model is learned. Similar to KNN and DP-KNN, k was
set to 3.

• Data-partition-SMOTE-KNN (DPS-KNN) is similar to DP-KNN with the exception that DPS-KNN
used both K-Means and SMOTE to preprocess the training set, and we set k = 3 and
m = dNmaj/(Nmin × 2)e.

• MWMOTE-KNN (MWMO-KNN) first oversamples the training set using MWMOTE [14],
and, based on that, a KNN model is learned.

C4.5 Based Methods:

• C4.5 is an algorithm used to generate a decision tree developed by Ross Quinlan [58]. Authors of
the Weka machine learning software described the C4.5 algorithm as “a landmark decision
tree program that is probably the machine learning workhorse most widely used in practice to
date” [59]. Here, a pruned C4.5 algorithm was used.

• Data-partition-C4.5 (DP-C4.5) is similar to DP-KNN with the exception that C4.5 was used to learn
basic classifiers instead of KNN, and the partition number m was set to be dNmaj/(Nmin × 2)e.

• SMOTE-C4.5 (S-C4.5) is similar to S-KNN with the exception that C4.5 instead of KNN was used
to train basic models.

• Data-partition-SMOTE-C4.5 (DPS-C4.5) is similar to DPS-KNN with the exception that C4.5 was
used to train base models.

• MWMOTE-C4.5 (MWMO-C4.5) first oversamples the training set using MWMOTE [14],
and, based on that, a C4.5 model is learned.

Logistic Regression Based Methods:

• Logistic regression (LR) [60] is a regression model where the dependent variable is categorical.
In this paper, a binary logistic regression model was used to predict the class label of an example
based on the example’s features.

• Data-partition-logistic-regression (DP-LR) is similar to DP-KNN except that DP-LR learns LR
models instead of KNN.

• SMOTE-logistic-regression (S-LR) is similar to S-KNN except that S-LR learns LR models instead
of KNN.

• Data-partition-SMOTE-logistic-regression (DPS-LR) is similar to DPS-KNN except that DPS-LR
learns LR instead of KNN models.

• MWMOTE-LR (MWMO-LR) first oversamples the training set using MWMOTE [14], and, based
on that, an LR model is learned.

Support Vector Machine Based Methods:

• Support vector machine [61] (SVM) constructs a hyperplane or set of hyperplanes in a
high-dimensional space, which can be used for classification. In the SVM model, a good separation
is achieved by the hyperplane that has the largest distance to the nearest training data point of
any class.

• Data-partition-SVM (DP-SVM) is similar to DP-KNN with the exception that SVM classification
models instead of KNN were learned.

• SMOTE-SVM (S-SVM) is similar to S-KNN with the exception that SVM classification models
instead of KNN were learned.
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• Data-partition-SMOTE-SVM (DPS-SVM) is similar to DPS-KNN with the exception that SVM
models instead of KNN were learned.

• MWMOTE-SVM (MWMO-SVM) first oversamples the training set using MWMOTE [14],
and, based on that, an SVM model is learned.

Neural Network Based Methods:

• Neural Network (NN) [62] with one hidden layer was learned and the hidden units were set to be
the mean of the input and output number.

• Data-partition-NN (DP-NN) is similar to DP-KNN, except that the NN model was used instead of
KNN to train basic classifiers.

• SMOTE-NN (S-NN) is similar to S-KNN except that the NN model was used instead of KNN to
train basic classifiers.

• Data-partition-SMOTE-NN (DPS-NN) is similar to DPS-KNN except that the NN model was used
instead of KNN to train basic classifiers.

• MWMOTE-NN (MWMO-NN) first oversamples the training set using MWMOTE [14], and, based
on that, an NN model is learned.

Naive Bayes Based Methods:

• Naive Bayes (NB) [63] is a simple probabilistic classifier with naive independence assumptions
between the features.

• Data-partition-NB (DP-NB) is similar to DP-KNN with the exception that the learning model was
NB instead of KNN.

• SMOTE-NB (S-NB) is similar to S-KNN with the exception that the learning model was NB instead
of KNN.

• Data-partition-SMOTE-NB (DPS-NB) is similar to DPS-KNN with the exception that the learning
model was NB instead of KNN.

• MWMOTE-NB (MWMO-NB) first oversamples the training set using MWMOTE [14], and, based
on that, an NB model is learned.

In addition, the parameters of SMOTE used by the above methods, namely S-KNN, DPS-KNN,
S-C4.5, DPS-C4.5, S-LR, DPS-LR, S-SVM, DPS-SVM, S-NN, DPS-NN, S-NB and DPS-NB, were set as
follows: nearest neighbor number was set to be 5 and the number of generated examples equals the
size of the minority class.

5.2. Experimental Results

This section reports the experimental results of the 30 classification methods that are grouped
into six categories according to the basic learner used by the proposed method, as introduced in
Section 5.1. The corresponding experimental results are shown in five tables, where Tables 3–6 report
the summary results of methods on measures of recall, g-mean, f-measure and AUC, respectively. Table 7
reports the number of data sets on which the proposed method outperforms the compared methods.
In Tables 3–6, the values in parentheses are ranks of methods on the corresponding measures. On each
data set, the results of the best performed methods within their categories are shown in bold. The last
column of each table shows the average performance of each method on the 17 data sets, and the best
average performance are shown in bold. In these tables, the experimental results are separated by
blank lines according to different algorithm categories, and the first method (the proposed method)
of each category is compared with the other four methods. For simplicity, this subsection names the
proposed method as DPS (data-patition and SMOTE based method), and treats DPS compared with
the other method m as DPS-m vs. m. For example, DPS compared with KNN means DSP-KNN vs.
KNN. The ranks of these methods in these tables are calculated as follows [55,64]: on a given data
set, the best performing method gets the rank of 1.0, the second best ranks 2.0, and so on. In case of
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ties, average ranks are assigned. Table 7 provides the number of data sets on which DPS outperform
their compared methods on different measures. For example, the value “15” in the second row and the
second column of Table 7 indicates that DPS (DPS-KNN) outperforms KNN on 15 out of 17 data sets
on measure of recall.

Table 3 reports the summary results and ranks of the 30 methods on recall. From Table 3,
DPS outperforms the other methods on most of the 17 data sets. Specifically, the number
of data sets on which DPS outperforms the compared methods on recall are shown in
Table 7. The ranks of DPS methods on most of the data sets are much smaller than other
methods, and DPS-KNN ranks first with the average rank of 7.0, followed by DPS-NN with
average rank of 8.2, DPS-C4.5(8.8), S-NN(9.9), DP-NN(10.4), MWMO-NN(10.9), DPS-LR(11.4),
S-KNN(11.7), DP-C4.5(11.7), DPS-SVM(11.8), DP-LR(12.5), DPS-NB(12.5), MWMO-KNN(13.8),
NN(14.0), DP-KNN(14.2), S-C4.5(14.8), S-LR(17.0), DP-NB(18.1), S-NB(18.2), MWMO-C4.5(18.3),
KNN(18.6), S-SVM(18.8), DP-SVM(19.3), MWMO-LR(19.4), MWMO-NB(19.5), C4.5(20.8), LR(21.8),
NB(22.6), MWMO-SVM(22.9) and SVM(26.2). These results indicate that the proposed method works
well for class-imbalance problems and it can effectively enhance the performance of traditional methods
on identifying minority class examples. Note: DPS can not improve NN (neural network) performance
much since NN is a nonlinear classifier that can capture the local information of the data.

Table 4 reports the summary results and the ranks of the 30 methods on g-mean. Similar to
the results on recall, Table 4 shows that DPS outperforms the compared methods on most of the
17 data sets, and the number of data sets on which DPS outperforms the compared methods
are shown in Table 7. Table 4 also shows that the ranks of DPS methods on most of the data
sets are much lower than other methods, and DPS-KNN ranks first with the average rank of 7.0,
followed by DPS-NN(9.1), DPS-C4.5(9.2), S-KNN(9.6), DP-NN(10.0), S-NN(10.5), DPS-SVM(11.3),
DPS-LR(11.9), DP-C4.5(11.9), DP-KNN(11.9), MWMO-KNN(12.0), MWMO-NN(12.0), NN(12.9),
DP-LR(13.4), S-C4.5(13.9), DPS-NB(15.1), KNN(16.1), MWMO-C4.5(17.6), S-SVM(17.8), S-LR(18.2),
DP-SVM(18.8), DP-NB(19.5), S-NB(19.8), MWMO-LR(20.2), C4.5(20.4), MWMO-NB(21.1), LR(21.1),
MWMO-SVM(22.7), NB(24.0) and SVM(26.1). These results indicate that the proposed method can
effectively enhance the performance of traditional methods on both minority class and majority class.

Table 5 summarizes the experimental results and the ranks of the compared methods on f-measure.
Similarly, the number of data sets on which DPS outperforms the compared methods on f-measure are
shown in Table 7. The ranks of DPS methods on most of the data sets are also much smaller than other
methods, and MWMO-KNN ranks first with the average rank of 9.7, followed by DPS-SVM(9.9),
S-KNN(9.9), DPS-KNN(10.3), NN(10.7), DP-KNN(11.6), KNN(12.0), DP-NN(12.0), S-NN(12.1),
S-C4.5(12.2), MWMO-NN(12.5), DPS-NN(12.8), DPS-C4.5(14.4), DPS-LR(14.9), S-SVM(15.2), S-LR(15.8),
MWMO-C4.5(16.1), DP-SVM(16.0), DP-C4.5(16.2), DP-LR(16.5), LR(17.5), MWMO-LR(18.1), C4.5(19.4),
DPS-NB(19.6), S-NB(19.8), MWMO-SVM(19.9), MWMO-NB(20.4), DP-NB(21.5), NB(23.8) and
SVM(24.3). Comparing the results of Table 5 with those of Tables 3 and 4, we observe that the
performance of DPS on f-measure are not as good as on recall and g-mean, which indicates that DPS
incorrectly classifies many majority class examples to be minority ones.

Table 6 depicts experimental results and ranks of compared methods on AUC. Similar to the results
above, DPS wins on most of 17 data sets compared to other methods, and the number of data sets
on which DPS outperforms the compared methods on AUC are also shown in Table 7. Table 6 shows
that the ranks of DPS methods on most of the data sets are also much smaller than other methods,
and DPS-KNN ranks first with the average rank of 6.9, DPS-NN(9.1), S-KNN(9.5), DP-NN(10.2),
DPS-C4.5(10.3), S-NN(10.7), DPS-SVM(10.9), DP-KNN(11.1), MWMO-KNN(11.2), MWMO-NN(12.3),
DPS-LR(12.6), NN(13.1), S-C4.5(13.3), DP-C4.5(13.5), DP-LR(14.0), KNN(15.3), DPS-NB(16.0),
S-LR(16.8), S-SVM(17.0), MWMO-C4.5(17.4), DP-SVM(18.6), MWMO-LR(19.9), C4.5(20.1), S-NB(20.3),
DP-NB(20.5), LR(20.8), MWMO-NB(21.4), MWMO-SVM(22.1), NB(24.6) and SVM(25.7).
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Combining Tables 3–7, we conclude that the proposed method improves conventional methods on
the class-imbalanced problem, and also is superior to other existing class-imbalance oriented methods
in terms of recall, g-mean, f-measure and AUC.

Table 3. Experimental results of models on Recall.

Algorithm ID1 ID2 ID3 ID4 ID5 ID6 ID7 ID8 ID9

DPS-KNN 0.9955(4.0) 0.5600(4.0) 0.6213(6.0) 0.8450(4.5) 0.8200(4.0) 0.8183(1.0) 0.8525(2.0) 0.7600(17.0) 0.4400(7.0)
KNN 0.9875(10.0) 0.4220(10.0) 0.5560(12.0) 0.8450(4.5) 0.7450(21.0) 0.7333(14.0) 0.8008(20.0) 0.6000(26.0) 0.1250(24.0)

DP-KNN 0.9939(6.0) 0.4360(9.0) 0.5598(11.0) 0.8250(8.0) 0.7550(19.0) 0.7567(8.0) 0.8592(1.0) 0.6600(22.5) 0.2650(19.0)
S-KNN 0.9924(8.0) 0.5120(5.0) 0.6271(5.0) 0.8500(2.0) 0.7950(11.0) 0.8017(2.0) 0.8333(5.5) 0.7300(19.0) 0.2000(21.0)

MWMO-KNN 0.9897(9.0) 0.4660(6.5) 0.5864(8.0) 0.8450(4.5) 0.7667(17.0) 0.7583(7.0) 0.8058(17.0) 0.7500(18.0) 0.2050(20.0)

DPS-C4.5 0.9830(15.0) 0.3940(12.0) 0.5239(16.0) 0.8100(11.0) 0.7933(12.0) 0.7883(3.0) 0.8283(9.5) 0.9000(3.0) 0.3800(10.0)
C4.5 0.9669(26.0) 0.2040(28.0) 0.3759(24.0) 0.5800(28.0) 0.5917(27.0) 0.6550(22.0) 0.7642(26.0) 0.9000(3.0) 0.3100(16.5)

DP-C4.5 0.9772(20.5) 0.2600(20.0) 0.3971(23.0) 0.8200(9.5) 0.7917(13.0) 0.7417(11.0) 0.8283(9.5) 0.9000(3.0) 0.2700(18.0)
S-C4.5 0.9854(11.0) 0.3660(13.0) 0.4978(18.0) 0.6950(24.5) 0.7500(20.0) 0.69671(6.0) 0.7942(22.0) 0.9000(3.0) 0.5000(5.0)

MWMO-C4.5 0.9781(19.0) 0.2940(17.0) 0.4698(21.0) 0.6300(26.0) 0.6333(26.0) 0.6517(23.0) 0.7692(25.0) 0.9000(3.0) 0.3700(11.0)

DPS-LR 0.9589(27.0) 0.4660(6.5) 0.5530(13.0) 0.8450(4.5) 0.8600(2.0) 0.7633(6.0) 0.8342(4.0) 0.8200(12.0) 0.4250(8.0)
LR 0.9678(25.0) 0.1940(29.0) 0.4144(22.0) 0.7500(21.5) 0.7833(14.0) 0.6700(21.0) 0.8017(18.5) 0.8100(13.0) 0.0100(27.0)

DP-LR 0.9151(28.0) 0.3620(14.0) 0.3491(26.0) 0.8300(7.0) 0.8833(1.0) 0.7767(4.0) 0.8333(5.5) 0.8300(10.0) 0.3500(12.0)
S-LR 0.6192(30.0) 0.2620(19.0) 0.5742(10.0) 0.7750(19.0) 0.8083(7.5) 0.7383(12.5) 0.8225(13.0) 0.6100(25.0) 0.3400(14.0)

MWMO-LR 0.7942(29.0) 0.2520(21.0) 0.5309(15.0) 0.7650(20.0) 0.7600(18.0) 0.6750(20.0) 0.7967(21.0) 0.7800(14.5) 0.1850(22.0)

DPS-SVM 0.9842(14.0) 0.4060(11.0) 0.5799(9.0) 0.8600(1.0) 0.8033(9.0) 0.7500(9.5) 0.8283(9.5) 0.7800(14.5) 0.1300(23.0)
SVM 0.9803(18.0) 0.2200(24.5) 0.1157(30.0) 0.6950(24.5) 0.6400(25.0) 0.2300(30.0) 0.7925(23.0) 0.0000(30.0) 0.0000(29.0)

DP-SVM 0.9818(16.0) 0.1880(30.0) 0.2163(29.0) 0.8050(12.0) 0.7117(22.0) 0.5717(27.0) 0.8283(9.5) 0.7100(20.0) 0.0300(25.0)
S-SVM 0.9848(12.0) 0.2200(24.5) 0.6043(7.0) 0.7950(14.0) 0.8283(3.0) 0.6933(17.5) 0.8250(12.0) 0.1900(28.0) 0.0000(29.0)

MWMO-SVM 0.9845(13.0) 0.2200(24.5) 0.3690(25.0) 0.7500(21.5) 0.6683(24.0) 0.5333(29.0) 0.8017(18.5) 0.1700(29.0) 0.0000(29.0)

DPS-NN 0.9964(2.0) 0.5840(3.0) 0.7784(3.0) 0.7900(16.0) 0.8000(10.0) 0.7500(9.5) 0.8358(3.0) 0.8600(6.5) 0.6200(2.0)
NN 0.9936(7.0) 0.3380(15.0) 0.5518(14.0) 0.8000(13.0) 0.8183(5.0) 0.6883(19.0) 0.8192(15.5) 0.8400(8.0) 0.0200(26.0)

DP-NN 0.9961(3.0) 0.4460(8.0) 0.6489(4.0) 0.7850(18.0) 0.7783(15.0) 0.7233(15.0) 0.8308(7.0) 0.8600(6.5) 0.5500(4.0)
S-NN 0.9988(1.0) 0.6680(1.0) 0.9293(1.0) 0.7900(16.0) 0.8117(6.0) 0.7383(12.5) 0.8200(14.0) 0.8300(10.0) 0.7350(1.0)

MWMO-NN 0.9951(5.0) 0.5980(2.0) 0.8086(2.0) 0.7900(16.0) 0.8083(7.5) 0.6933(17.5) 0.8192(15.5) 0.8300(10.0) 0.5850(3.0)

DPS-NB 0.9811(17.0) 0.3260(16.0) 0.3091(28.0) 0.8200(9.5) 0.7733(16.0) 0.7683(5.0) 0.7575(27.0) 0.7700(16.0) 0.3400(14.0)
NB 0.9748(22.0) 0.2180(27.0) 0.5066(17.0) 0.4400(30.0) 0.5017(30.0) 0.5550(28.0) 0.7525(28.0) 0.4100(27.0) 0.3400(14.0)

DP-NB 0.9741(23.0) 0.2760(18.0) 0.3161(27.0) 0.6250(27.0) 0.5583(28.0) 0.6400(25.0) 0.7742(24.0) 0.6800(21.0) 0.3100(16.5)
S-NB 0.9772(20.5) 0.2200(24.5) 0.4946(19.0) 0.7300(23.0) 0.7050(23.0) 0.6450(24.0) 0.7258(29.0) 0.6600(22.5) 0.4950(6.0)

MWMO-NB 0.9687(24.0) 0.2380(22.0) 0.4818(20.0) 0.4450(29.0) 0.5167(29.0) 0.5750(26.0) 0.6817(30.0) 0.6300(24.0) 0.4150(9.0)

algorithm id10 id11 id12 id13 id14 id15 id16 id17 AVE

DPS-KNN 0.8433(1.0) 0.9944(11.0) 0.9617(12.0) 0.3200(9.5) 0.8400(25.5) 0.5325(4.0) 0.9705(4.0) 0.6500(2.5) 0.7544(7.0)
KNN 0.7683(17.5) 0.9911(22.5) 0.9417(15.0) 0.2900(17.0) 0.9000(16.5) 0.1345(27.0) 0.3410(24.0) 0.5000(15.0) 0.6283(18.6)

DP-KNN 0.7683(17.5) 0.9919(17.0) 0.9367(16.0) 0.3200(9.5) 0.7200(28.0) 0.3525(8.5) 0.8438(9.0) 0.5600(10.0) 0.6826(14.2)
S-KNN 0.8233(4.0) 0.9911(22.5) 0.9717(7.0) 0.3000(14.5) 0.9100(12.5) 0.2180(17.0) 0.5421(21.0) 0.6500(2.5) 0.6910(11.7)

MWMO-KNN 0.7817(13.5) 0.9919(17.0) 0.9633(11.0) 0.3000(14.5) 0.9400(8.0) 0.2100(18.0) 0.5374(22.0) 0.6300(5.0) 0.6871(13.8)

DPS-C4.5 0.8200(5.0) 1.0000(4.5) 0.9833(5.5) 0.3800(1.5) 0.9300(10.0) 0.3525(8.5) 0.9195(6.0) 0.6200(6.5) 0.7298(8.8)
C4.5 0.6217(26.0) 1.0000(4.5) 0.9933(1.5) 0.0000(30.0) 1.0000(3.0) 0.0020(30.0) 0.0000(30.0) 0.0300(29.0) 0.5291(20.8)

DP-C4.5 0.8067(8.0) 1.0000(4.5) 0.9833(5.5) 0.3800(1.5) 0.9300(10.0) 0.1710(20.0) 0.7807(11.0) 0.5900(8.0) 0.6840(11.7)
S-C4.5 0.7083(22.0) 1.0000(4.5) 0.9933(1.5) 0.3000(14.5) 1.0000(3.0) 0.1430(26.0) 0.7502(13.0) 0.1600(22.0) 0.6612(14.8)

MWMO-C4.5 0.6417(25.0) 1.0000(4.5) 0.9433(14.0) 0.1300(28.0) 1.0000(3.0) 0.0805(28.0) 0.7238(14.0) 0.2100(20.5) 0.6133(18.3)

DPS-LR 0.8183(6.0) 0.9853(26.0) 0.9483(13.0) 0.3200(9.5) 0.8400(25.5) 0.3510(10.0) 0.7081(15.0) 0.5400(12.5) 0.7080(11.4)
LR 0.7633(19.0) 0.7231(30.0) 0.5717(26.0) 0.2000(26.5) 0.9900(6.0) 0.1575(24.0) 0.2788(27.0) 0.1100(25.0) 0.5409(21.8)

DP-LR 0.8300(3.0) 0.9846(27.0) 0.9317(17.0) 0.3300(6.5) 0.8600(24.0) 0.2580(14.0) 0.6476(16.0) 0.6200(6.5) 0.6818(12.5)
S-LR 0.8333(2.0) 0.7507(29.0) 0.7100(21.0) 0.2100(23.0) 0.8900(21.0) 0.2415(15.0) 0.5671(19.0) 0.2100(20.5) 0.5860(17.0)

MWMO-LR 0.7817(13.5) 0.7561(28.0) 0.6283(23.0) 0.2200(20.0) 0.9000(16.5) 0.2015(19.0) 0.4986(23.0) 0.2300(19.0) 0.5783(19.4)

DPS-SVM 0.8083(7.0) 0.9887(25.0) 0.8600(20.0) 0.3400(4.0) 0.8800(23.0) 0.3205(11.0) 0.9240(5.0) 0.6500(2.5) 0.6996(11.8)
SVM 0.5250(28.0) 0.9919(17.0) 0.4200(30.0) 0.2100(23.0) 0.7000(30.0) 0.0190(29.0) 0.0960(28.0) 0.0000(30.0) 0.3903(26.2)

DP-SVM 0.7150(21.0) 0.9895(24.0) 0.6433(22.0) 0.3400(4.0) 0.7800(27.0) 0.1630(21.0) 0.7510(12.0) 0.5700(9.0) 0.5879(19.3)
S-SVM 0.7900(10.0) 0.9919(17.0) 0.4233(29.0) 0.2100(23.0) 0.8900(21.0) 0.1580(23.0) 0.5452(20.0) 0.0700(28.0) 0.5423(18.8)

MWMO-SVM 0.6683(23.0) 0.9919(17.0) 0.4350(28.0) 0.2100(23.0) 0.9000(16.5) 0.1540(25.0) 0.6074(27.0) 0.1000(26.5) 0.5037(22.9)

DPS-NN 0.7933(9.0) 0.9919(17.0) 0.9850(4.0) 0.3200(9.5) 0.9100(12.5) 0.4730(5.0) 0.9157(7.0) 0.5500(11.0) 0.7620(8.2)
NN 0.7700(16.0) 0.9919(17.0) 0.9667(3.0) 0.3000(6.5) 0.9000(21.0) 0.1585(12.0) 1.0000(8.0) 0.4000(12.5) 0.6680(10.4)

DP-NN 0.7867(11.0) 0.9919(17.0) 0.9917(3.0) 0.3300(6.5) 0.8900(21.0) 0.3025(12.0) 0.8983(8.0) 0.5400(12.5) 0.7264(10.4)
S-NN 0.7833(12.0) 0.9919(17.0) 0.9667(9.0) 0.2300(18.5) 0.9000(16.5) 0.4220(6.0) 0.9926(2.0) 0.2800(17.5) 0.7581(9.9)

MWMO-NN 0.7783(15.0) 0.9928(12.0) 0.9667(9.0) 0.2300(18.5) 0.9000(16.5) 0.2755(13.0) 0.9724(3.0) 0.2800(17.5) 0.7249(10.9)

DPS-NB 0.7383(20.0) 0.9992(9.5) 0.9283(18.5) 0.3400(4.0) 1.0000(3.0) 0.3775(7.0) 0.8000(10.0) 0.6500(2.5) 0.6870(12.5)
NB 0.4833(30.0) 1.0000(4.5) 0.5667(27.0) 0.1000(29.0) 0.7100(29.0) 0.6290(3.0) 0.0074(29.0) 0.1000(26.5) 0.4879(22.6)

DP-NB 0.5567(27.0) 0.9992(9.5) 0.9283(18.5) 0.3100(12.0) 1.0000(3.0) 0.2265(16.0) 0.5940(18.0) 0.5200(14.0) 0.6052(18.1)
S-NB 0.6517(24.0) 1.0000(4.5) 0.5950(25.0) 0.2100(23.0) 0.9300(10.0) 0.6770(1.0) 0.2960(26.0) 0.1500(23.0) 0.5978(18.2)

MWMO-NB 0.5083(29.0) 1.0000(4.5) 0.5967(24.0) 0.2000(26.5) 0.9800(7.0) 0.6465(2.0) 0.3100(25.0) 0.1400(24.0) 0.5490(19.5)
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Table 4. Experimental results of models on g-mean.

Algorithm ID1 ID2 ID3 ID4 ID5 ID6 ID7 ID8 ID9

DPS-KNN 0.9964(2.0) 0.6876(1.0) 0.7533(3.0) 0.8936(5.0) 0.8764(6.0) 0.8769(1.0) 0.8905(4.0) 0.7474(17.0) 0.4837(6.0)
KNN 0.9923(10.0) 0.5950(10.0) 0.7266(8.0) 0.9067(2.0) 0.8361(17.0) 0.8261(11.0) 0.8743(19.0) 0.5953(25.0) 0.1606(23.0)

DP-KNN 0.9959(3.0) 0.6093(7.0) 0.7278(7.0) 0.8772(7.0) 0.8353(18.0) 0.8406(6.0) 0.9000(1.0) 0.6505(23.0) 0.3008(19.0)
S-KNN 0.9941(8.0) 0.6553(4.0) 0.7628(1.0) 0.9080(1.0) 0.8691(8.0) 0.8650(2.0) 0.8907(2.0) 0.7238(19.0) 0.2492(20.0)

MWMO-KNN 0.9929(9.0) 0.6292(6.0) 0.7385(4.0) 0.9061(3.0) 0.8517(14.0) 0.8415(5.0) 0.8776(17.0) 0.7443(18.0) 0.2434(21.0)

DPS-C4.5 0.9887(17.0) 0.5576(12.0) 0.6826(15.0) 0.8526(15.0) 0.8417(16.0) 0.8521(3.0) 0.8865(12.0) 0.8844(4.0) 0.4255(9.0)
C4.5 0.9813(21.0) 0.3501(29.0) 0.5926(23.0) 0.6726(28.0) 0.6913(27.0) 0.7713(22.0) 0.8448(25.0) 0.8949(2.5) 0.3702(14.0)

DP-C4.5 0.9859(19.0) 0.4279(18.0) 0.5989(22.0) 0.8583(13.0) 0.8501(15.0) 0.8295(8.0) 0.8876(9.0) 0.8839(5.0) 0.3069(17.0)
S-C4.5 0.9909(14.0) 0.5492(13.0) 0.6805(16.0) 0.7491(25.0) 0.8153(21.0) 0.7873(19.0) 0.8669(22.0) 0.8949(2.5) 0.5587(4.0)

MWMO-C4.5 0.9870(18.0) 0.4544(17.0) 0.6598(19.0) 0.7086(26.0) 0.7174(26.0) 0.7594(23.0) 0.8519(24.0) 0.8954(1.0) 0.4222(10.0)

DPS-LR 0.9704(22.0) 0.6021(8.0) 0.6934(12.0) 0.8865(6.0) 0.8891(2.0) 0.8267(10.0) 0.8888(8.0) 0.8132(12.0) 0.4585(8.0)
LR 0.9820(20.0) 0.3519(28.0) 0.6267(20.0) 0.8228(22.0) 0.8544(12.0) 0.7793(20.0) 0.8771(18.0) 0.7934(13.0) 0.0092(27.0)

DP-LR 0.9513(24.0) 0.5367(14.0) 0.5572(24.0) 0.8731(8.0) 0.9024(1.0) 0.8439(4.0) 0.8840(16.0) 0.8222(11.0) 0.3910(11.0)
S-LR 0.7803(30.0) 0.4246(20.0) 0.7362(5.0) 0.8329(19.0) 0.8621(10.0) 0.8271(9.0) 0.8875(10.0) 0.5940(26.0) 0.3846(12.0)

MWMO-LR 0.8801(29.0) 0.4129(21.0) 0.7076(11.0) 0.8289(20.0) 0.8272(20.0) 0.7767(21.0) 0.8730(21.0) 0.7599(15.0) 0.2072(22.0)

DPS-SVM 0.9911(13.0) 0.5647(11.0) 0.7186(10.0) 0.9021(4.0) 0.8664(9.0) 0.8376(7.0) 0.8894(7.0) 0.7747(14.0) 0.1522(24.0)
SVM 0.9895(16.0) 0.3795(25.0) 0.2841(30.0) 0.7858(24.0) 0.7580(25.0) 0.3294(30.0) 0.8643(23.0) 0.0000(30.0) 0.0000(29.0)

DP-SVM 0.9900(15.0) 0.3482(30.0) 0.4180(29.0) 0.8619(11.0) 0.8027(22.0) 0.6996(26.0) 0.8906(3.0) 0.7057(20.0) 0.0339(25.0)
S-SVM 0.9918(11.0) 0.3795(25.0) 0.7586(2.0) 0.8589(12.0) 0.8885(3.0) 0.8016(16.0) 0.8869(11.0) 0.1900(28.0) 0.0000(29.0)

MWMO-SVM 0.9916(12.0) 0.3821(23.0) 0.5427(25.0) 0.8288(21.0) 0.7685(24.0) 0.6332(29.0) 0.8736(20.0) 0.1700(29.0) 0.0000(29.0)

DPS-NN 0.9953(6.0) 0.6742(2.0) 0.6699(18.0) 0.8459(18.0) 0.8619(11.0) 0.8251(12.0) 0.8902(5.0) 0.8536(7.0) 0.6290(2.0)
NN 0.9955(4.5) 0.5132(15.0) 0.7217(9.0) 0.8628(10.0) 0.8835(4.0) 0.7961(18.0) 0.8844(14.0) 0.8354(8.0) 0.0232(26.0)

DP-NN 0.9955(4.5) 0.5975(9.0) 0.7330(6.0) 0.8477(17.0) 0.8527(13.0) 0.8082(15.0) 0.8899(6.0) 0.8542(6.0) 0.5758(3.0)
S-NN 0.9971(1.0) 0.6633(3.0) 0.4760(28.0) 0.8557(14.0) 0.8806(5.0) 0.8249(13.0) 0.8847(13.0) 0.8243(10.0) 0.6872(1.0)

MWMO-NN 0.9950(7.0) 0.6306(5.0) 0.6030(21.0) 0.8522(16.0) 0.8741(7.0) 0.7976(17.0) 0.8843(15.0) 0.8259(9.0) 0.5482(5.0)

DPS-NB 0.9493(25.0) 0.4809(16.0) 0.5258(27.0) 0.8643(9.0) 0.8351(19.0) 0.8097(14.0) 0.8335(27.0) 0.7537(16.0) 0.3468(15.0)
NB 0.9242(27.0) 0.3751(27.0) 0.6915(13.0) 0.5413(30.0) 0.6044(30.0) 0.6592(28.0) 0.8088(28.0) 0.4100(27.0) 0.3047(18.0)

DP-NB 0.9628(23.0) 0.4259(19.0) 0.5296(26.0) 0.7025(27.0) 0.6465(28.0) 0.7189(25.0) 0.8418(26.0) 0.6679(21.0) 0.3145(16.0)
S-NB 0.9038(28.0) 0.3795(25.0) 0.6829(14.0) 0.8030(23.0) 0.7969(23.0) 0.7505(24.0) 0.7954(29.0) 0.6595(22.0) 0.4762(7.0)

MWMO-NB 0.9320(26.0) 0.4009(22.0) 0.6714(17.0) 0.5567(29.0) 0.6064(29.0) 0.6939(27.0) 0.7750(30.0) 0.6290(24.0) 0.3818(13.0)

algorithm id10 id11 id12 id13 id14 id15 id16 id17 AVE

DPS-KNN 0.8878(1.0) 0.9971(11.0) 0.9768(11.5) 0.3132(11.0) 0.8391(25.0) 0.6782(4.0) 0.9058(8.0) 0.6465(2.0) 0.7912(7.0)
KNN 0.8428(17.0) 0.9955(22.5) 0.9666(13.0) 0.2894(17.0) 0.9000(14.5) 0.2482(27.0) 0.5499(24.0) 0.5000(14.0) 0.6944(16.1)

DP-KNN 0.8380(18.0) 0.9959(15.0) 0.9628(16.0) 0.3139(10.0) 0.7193(28.0) 0.5343(8.0) 0.8794(9.0) 0.5591(8.0) 0.7377(11.9)
S-KNN 0.8744(5.0) 0.9955(22.5) 0.9837(5.0) 0.2971(14.0) 0.9100(12.5) 0.3642(17.0) 0.7089(21.0) 0.6493(1.0) 0.7471(9.6)

MWMO-KNN 0.8499(15.0) 0.9959(15.0) 0.9793(9.0) 0.2965(15.0) 0.9400(8.0) 0.3380(19.0) 0.7076(22.0) 0.6291(4.0) 0.7389(12.0)

DPS-C4.5 0.8712(6.0) 1.0000(3.0) 0.9777(10.0) 0.3727(1.5) 0.9238(10.0) 0.5125(10.0) 0.9303(7.0) 0.5804(6.0) 0.7729(9.2)
C4.5 0.7243(26.0) 0.9997(7.0) 0.9935(1.5) 0.0000(30.0) 0.9977(1.0) 0.0044(30.0) 0.0000(30.0) 0.0296(29.0) 0.5834(20.4)

DP-C4.5 0.8658(8.0) 1.0000(3.0) 0.9768(11.5) 0.3727(1.5) 0.9231(11.0) 0.2907(20.0) 0.8522(12.0) 0.5569(9.0) 0.7334(11.9)
S-C4.5 0.8055(21.0) 1.0000(3.0) 0.9935(1.5) 0.3000(13.0) 0.9975(2.5) 0.2596(26.0) 0.8540(11.0) 0.1581(22.0) 0.7212(13.9)

MWMO-C4.5 0.7589(24.0) 1.0000(3.0) 0.9638(15.0) 0.1300(28.0) 0.9975(2.5) 0.1442(28.0) 0.8251(14.0) 0.2083(21.0) 0.6755(17.6)

DPS-LR 0.8796(3.0) 0.9924(26.0) 0.9639(14.0) 0.3154(9.0) 0.8389(26.0) 0.5134(9.0) 0.8153(15.0) 0.5297(13.0) 0.7575(11.9)
LR 0.8485(16.0) 0.8448(30.0) 0.7023(26.0) 0.1983(26.0) 0.9870(6.0) 0.2768(23.0) 0.4776(27.0) 0.1100(25.0) 0.6201(21.1)

DP-LR 0.8755(4.0) 0.9921(27.0) 0.9494(17.0) 0.3220(7.0) 0.8568(24.0) 0.4041(14.0) 0.7784(16.0) 0.6107(5.0) 0.7383(13.4)
S-LR 0.8921(19.0) 0.8575(28.0) 0.7996(21.0) 0.2071(24.0) 0.8888(22.0) 0.4030(15.0) 0.7304(19.0) 0.2087(20.0) 0.6657(18.2)

MWMO-LR 0.8578(13.0) 0.8561(29.0) 0.7474(23.0) 0.2182(20.0) 0.8972(19.0) 0.3422(18.0) 0.6758(23.0) 0.2287(19.0) 0.6528(20.2)

DPS-SVM 0.8831(2.0) 0.9942(25.0) 0.8971(20.0) 0.3360(3.5) 0.8793(23.0) 0.4895(11.0) 0.9386(5.0) 0.6441(3.0) 0.7505(11.3)
SVM 0.6652(27.0) 0.9959(15.0) 0.5599(30.0) 0.2077(22.0) 0.7000(30.0) 0.0385(29.0) 0.2035(28.0) 0.0000(30.0) 0.4566(26.1)

DP-SVM 0.8182(20.0) 0.9946(24.0) 0.7605(22.0) 0.3360(3.5) 0.7793(27.0) 0.2789(22.0) 0.8415(13.0) 0.5661(7.0) 0.6545(18.8)
S-SVM 0.8710(7.0) 0.9958(18.5) 0.5617(29.0) 0.2077(22.0) 0.8900(20.5) 0.2827(21.0) 0.7112(20.0) 0.0700(28.0) 0.6086(17.8)

MWMO-SVM 0.7653(23.0) 0.9958(18.5) 0.5695(28.0) 0.2077(22.0) 0.9000(14.5) 0.2715(25.0) 0.7540(17.0) 0.1000(26.0) 0.5738(22.7)

DPS-NN 0.8604(11.0) 0.9957(20.0) 0.9884(4.0) 0.3172(8.0) 0.9100(12.5) 0.6184(5.0) 0.9439(4.0) 0.5450(10.0) 0.7897(9.1)
NN 0.8552(14.0) 0.9959(15.0) 0.9802(6.5) 0.2954(16.0) 0.8989(17.5) 0.2726(24.0) 0.9994(1.0) 0.4000(16.0) 0.7184(12.9)

DP-NN 0.8617(10.0) 0.9956(21.0) 0.9925(3.0) 0.3255(6.0) 0.8900(20.5) 0.4697(12.0) 0.9359(6.0) 0.5361(12.0) 0.7742(10.0)
S-NN 0.8625(9.0) 0.9959(15.0) 0.9802(6.5) 0.2260(18.0) 0.8991(16.0) 0.5732(6.0) 0.9949(2.0) 0.2778(18.0) 0.7590(10.5)

MWMO-NN 0.8586(12.0) 0.9963(12.0) 0.9800(8.0) 0.2248(19.0) 0.8989(17.5) 0.4306(13.0) 0.9804(3.0) 0.2789(17.0) 0.7447(12.0)

DPS-NB 0.8000(22.0) 0.9981(10.0) 0.9333(19.0) 0.3343(5.0) 0.9914(5.0) 0.5439(7.0) 0.8681(10.0) 0.5435(11.0) 0.7301(15.1)
NB 0.5903(30.0) 0.9999(6.0) 0.6844(27.0) 0.0977(29.0) 0.7088(29.0) 0.7489(3.0) 0.0192(29.0) 0.0963(27.0) 0.5450(24.0)

DP-NB 0.6425(28.0) 0.9983(9.0) 0.9342(18.0) 0.3066(12.0) 0.9937(4.0) 0.3725(16.0) 0.7481(18.0) 0.4765(15.0) 0.6637(19.5)
S-NB 0.7444(25.0) 0.9996(8.0) 0.7065(24.0) 0.2050(25.0) 0.9295(9.0) 0.7744(1.0) 0.4920(26.0) 0.1406(23.0) 0.6612(19.8)

MWMO-NB 0.6277(29.0) 1.0000(3.0) 0.7055(25.0) 0.1941(27.0) 0.9800(7.0) 0.7621(2.0) 0.5171(25.0) 0.1327(24.0) 0.6215(21.1)
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Table 5. Experimental results of models on f-measure.

Algorithm ID1 ID2 ID3 ID4 ID5 ID6 ID7 ID8 ID9

DPS-KNN 0.9902(2.0) 0.4472(4.0) 0.5497(11.0) 0.8367(6.0) 0.7677(10.0) 0.7983(1.0) 0.7205(24.0) 0.6867(17.0) 0.3148(6.0)
KNN 0.9852(10.0) 0.4537(2.0) 0.6157(2.0) 0.8777(1.0) 0.7643(11.0) 0.7681(6.0) 0.7714(10.0) 0.5700(25.0) 0.1273(22.0)

DP-KNN 0.9906(1.0) 0.4561(1.0) 0.5971(3.0) 0.8437(5.0) 0.7574(15.0) 0.7846(3.0) 0.7361(23.0) 0.6067(24.0) 0.2210(13.0)
S-KNN 0.9842(11.0) 0.4469(5.0) 0.5920(6.0) 0.8693(3.0) 0.7789(7.0) 0.7940(2.0) 0.7628(16.0) 0.6900(16.0) 0.1865(16.0)

MWMO-KNN 0.9835(12.0) 0.4481(3.0) 0.5780(7.0) 0.8737(2.0) 0.7720(9.0) 0.7787(5.0) 0.7743(9.0) 0.7133(15.0) 0.1767(17.0)

DPS-C4.5 0.9757(18.0) 0.3290(14.0) 0.4736(18.0) 0.6939(24.0) 0.6742(25.0) 0.6920(21.0) 0.7552(18.0) 0.8067(7.0) 0.2921(8.0)
C4.5 0.9720(21.0) 0.2671(30.0) 0.4813(17.0) 0.5658(28.0) 0.6264(27.0) 0.7059(16.0) 0.7404(22.0) 0.8667(2.5) 0.3120(7.0)

DP-C4.5 0.9735(20.0) 0.2729(27.0) 0.4406(19.0) 0.7031(23.0) 0.7151(19.0) 0.6966(20.0) 0.7635(14.0) 0.8033(8.5) 0.2189(14.0)
S-C4.5 0.9823(15.0) 0.3708(7.0) 0.5395(13.0) 0.6350(26.0) 0.7136(20.0) 0.7000(19.0) 0.7683(12.0) 0.8667(2.5) 0.4328(1.0)

MWMO-C4.5 0.9775(17.0) 0.3193(15.0) 0.5209(15.0) 0.6213(27.0) 0.6328(26.0) 0.6809(23.0) 0.7539(19.0) 0.8700(1.0) 0.3178(5.0)

DPS-LR 0.9303(22.0) 0.3544(11.0) 0.4404(20.0) 0.7957(10.0) 0.7731(8.0) 0.7048(17.0) 0.7491(21.0) 0.7783(12.0) 0.2842(10.0)
LR 0.9737(19.0) 0.2807(26.0) 0.5297(14.0) 0.7713(19.0) 0.7915(6.0) 0.7264(10.0) 0.7894(1.0) 0.7197(14.0) 0.0040(27.0)

DP-LR 0.9272(23.0) 0.3604(10.0) 0.3851(23.0) 0.7801(15.0) 0.7622(12.0) 0.7227(11.0) 0.7196(25.0) 0.7850(11.0) 0.2415(12.0)
S-LR 0.7429(28.0) 0.3185(16.0) 0.5962(4.0) 0.7597(21.0) 0.7588(14.0) 0.7518(7.0) 0.7869(2.0) 0.5263(26.0) 0.2855(9.0)

MWMO-LR 0.8543(25.0) 0.3144(18.0) 0.5743(8.0) 0.7630(20.0) 0.7122(21.0) 0.7028(18.0) 0.7773(5.0) 0.6657(20.0) 0.1418(21.0)

DPS-SVM 0.9865(7.0) 0.3680(8.0) 0.5017(16.0) 0.8511(4.0) 0.8054(2.0) 0.7796(4.0) 0.7786(4.0) 0.7483(13.0) 0.1037(24.0)
SVM 0.9869(6.0) 0.3094(21.0) 0.1849(30.0) 0.7517(22.0) 0.7072(23.0) 0.2973(30.0) 0.7554(17.0) 0.0000(30.0) 0.0000(29.0)

DP-SVM 0.9862(8.0) 0.2674(29.0) 0.3048(27.0) 0.8303(7.0) 0.7598(13.0) 0.6534(24.0) 0.7863(3.0) 0.6850(18.0) 0.0300(25.0)
S-SVM 0.9893(3.0) 0.3094(21.0) 0.6383(1.0) 0.8180(8.0) 0.8490(1.0) 0.7487(8.0) 0.7767(6.0) 0.1900(28.0) 0.0000(29.0)

MWMO-SVM 0.9888(5.0) 0.3098(19.0) 0.4172(22.0) 0.7870(12.0) 0.7086(22.0) 0.5895(27.0) 0.7629(15.0) 0.1700(29.0) 0.0000(29.0)

DPS-NN 0.9815(16.0) 0.3609(9.0) 0.2820(28.0) 0.7724(18.0) 0.7400(17.0) 0.7078(15.0) 0.7535(20.0) 0.8217(5.0) 0.3907(2.0)
NN 0.9890(4.0) 0.3818(6.0) 0.5940(5.0) 0.8030(9.0) 0.7977(4.0) 0.7185(12.0) 0.7759(7.0) 0.8100(6.0) 0.0150(26.0)

DP-NN 0.9834(13.0) 0.3541(12.0) 0.4333(21.0) 0.7763(17.0) 0.7418(16.0) 0.7119(14.0) 0.7697(11.0) 0.8250(4.0) 0.3746(3.0)
S-NN 0.9861(9.0) 0.3058(24.0) 0.2244(29.0) 0.7867(13.0) 0.8018(3.0) 0.7304(9.0) 0.7667(13.0) 0.7933(10.0) 0.3586(4.0)

MWMO-NN 0.9831(14.0) 0.3450(13.0) 0.3363(26.0) 0.7893(11.0) 0.7935(5.0) 0.7173(13.0) 0.7752(8.0) 0.8033(8.5) 0.2710(11.0)

DPS-NB 0.7980(26.0) 0.3041(25.0) 0.3621(25.0) 0.7826(14.0) 0.7047(24.0) 0.5667(28.0) 0.6815(27.0) 0.6773(19.0) 0.1691(18.0)
NB 0.7188(29.0) 0.3065(23.0) 0.5665(9.0) 0.5057(30.0) 0.5483(29.0) 0.6103(25.0) 0.5516(29.0) 0.4100(27.0) 0.1109(23.0)

DP-NB 0.8640(24.0) 0.2715(28.0) 0.3674(24.0) 0.6461(25.0) 0.5684(28.0) 0.5194(29.0) 0.6851(26.0) 0.6090(23.0) 0.1451(20.0)
S-NB 0.6610(30.0) 0.3094(21.0) 0.5562(10.0) 0.7783(16.0) 0.7167(18.0) 0.6835(22.0) 0.5451(30.0) 0.6567(21.0) 0.2048(15.0)

MWMO-NB 0.7505(27.0) 0.3171(17.0) 0.5419(12.0) 0.5203(29.0) 0.5295(30.0) 0.6029(26.0) 0.5587(28.0) 0.6233(22.0) 0.1639(19.0)

algorithm id10 id11 id12 id13 id14 id15 id16 id17 AVE

DPS-KNN 0.7983(5.0) 0.9971(7.0) 0.9527(11.0) 0.2833(15.0) 0.8267(24.0) 0.2985(4.0) 0.3500(25.0) 0.6000(3.0) 0.6599(10.3)
KNN 0.7796(10.0) 0.9954(17.0) 0.9556(8.0) 0.2867(12.0) 0.9000(11.5) 0.1622(27.0) 0.4150(23.0) 0.5000(7.0) 0.6428(12.0)

DP-KNN 0.7689(14.0) 0.9958(12.0) 0.9399(12.0) 0.2850(13.5) 0.7100(28.0) 0.2715(7.0) 0.4761(18.0) 0.5467(5.0) 0.6463(11.6)
S-KNN 0.8070(4.0) 0.9954(17.0) 0.9746(1.0) 0.2850(13.5) 0.9100(9.5) 0.2038(19.0) 0.4534(22.0) 0.6400(1.0) 0.6691(9.9)

MWMO-KNN 0.7774(11.0) 0.9958(12.0) 0.9698(2.0) 0.2817(16.0) 0.9400(6.0) 0.2044(18.0) 0.4679(19.0) 0.6183(2.0) 0.6679(9.7)

DPS-C4.5 0.6746(22.0) 1.0000(1.5) 0.8354(15.0) 0.3383(1.5) 0.8490(22.0) 0.2739(6.0) 0.5782(10.0) 0.2849(14.0) 0.6192(14.4)
C4.5 0.6411(26.0) 0.9962(8.5) 0.9654(3.5) 0.0000(30.0) 0.9667(2.0) 0.0025(30.0) 0.0000(30.0) 0.0250(29.0) 0.5373(19.4)

DP-C4.5 0.6899(21.0) 1.0000(1.5) 0.8264(16.0) 0.3383(1.5) 0.8430(23.0) 0.1793(23.0) 0.5285(12.0) 0.2971(13.0) 0.6053(16.2)
S-C4.5 0.6903(20.0) 0.9996(4.0) 0.9654(3.5) 0.3000(8.0) 0.9650(3.5) 0.1695(25.0) 0.7233(6.0) 0.1317(22.0) 0.6443(12.2)

MWMO-C4.5 0.6692(23.0) 0.9996(4.0) 0.9176(13.0) 0.1300(28.0) 0.9650(3.5) 0.1057(28.0) 0.6556(7.0) 0.1883(20.0) 0.6074(16.1)

DPS-LR 0.7678(15.0) 0.9915(24.0) 0.8760(14.0) 0.2950(9.0) 0.8233(25.0) 0.2422(11.0) 0.5140(13.0) 0.4199(11.0) 0.6318(14.9)
LR 0.7887(8.0) 0.8287(29.0) 0.6122(24.0) 0.1917(25.0) 0.9483(5.0) 0.2012(20.0) 0.3206(27.0) 0.1100(23.0) 0.5640(17.5)

DP-LR 0.7473(18.0) 0.9908(25.0) 0.8077(17.0) 0.2907(11.0) 0.8173(26.0) 0.2147(17.0) 0.5018(16.0) 0.4957(8.0) 0.6206(16.5)
S-LR 0.8208(3.0) 0.8443(28.0) 0.6675(22.0) 0.1950(24.0) 0.8750(19.0) 0.2595(10.0) 0.4942(17.0) 0.1900(19.0) 0.5808(15.8)

MWMO-LR 0.7825(9.0) 0.7786(30.0) 0.6315(23.0) 0.2117(18.0) 0.8673(21.0) 0.2415(12.0) 0.4571(21.0) 0.2117(18.0) 0.5699(18.1)

DPS-SVM 0.8247(2.0) 0.9937(21.0) 0.7890(18.0) 0.3183(3.5) 0.8700(20.0) 0.2599(9.0) 0.6544(8.0) 0.5700(4.0) 0.6590(9.9)
SVM 0.6154(27.0) 0.9958(12.0) 0.5170(28.0) 0.1967(22.0) 0.7000(29.0) 0.0221(29.0) 0.1437(28.0) 0.0000(30.0) 0.4226(24.3)

DP-SVM 0.7907(7.0) 0.9941(20.0) 0.6828(21.0) 0.3183(3.5) 0.7700(27.0) 0.1719(24.0) 0.6040(9.0) 0.5133(6.0) 0.5970(16.0)
S-SVM 0.8269(1.0) 0.9954(17.0) 0.5117(30.0) 0.1967(22.0) 0.8900(14.5) 0.1972(22.0) 0.4639(20.0) 0.0700(27.0) 0.5571(15.2)

MWMO-SVM 0.7183(19.0) 0.9954(17.0) 0.5156(29.0) 0.1967(22.0) 0.9000(11.5) 0.1977(21.0) 0.5119(14.0) 0.1000(24.0) 0.5217(19.9)

DPS-NN 0.7508(17.0) 0.9935(22.0) 0.9553(9.0) 0.3033(6.5) 0.9100(9.5) 0.2607(8.0) 0.7505(5.0) 0.4817(10.0) 0.6598(12.8)
NN 0.7767(12.0) 0.9958(12.0) 0.9589(5.0) 0.2750(17.0) 0.8833(17.5) 0.1687(26.0) 0.9866(1.0) 0.4000(12.0) 0.6665(10.7)

DP-NN 0.7599(16.0) 0.9927(23.0) 0.9588(6.0) 0.3033(6.5) 0.8900(14.5) 0.2345(14.0) 0.7618(4.0) 0.4850(9.0) 0.6680(12.0)
S-NN 0.7919(6.0) 0.9958(12.0) 0.9586(7.0) 0.2083(19.0) 0.8867(16.0) 0.2374(13.0) 0.9713(2.0) 0.2500(16.0) 0.6502(12.1)

MWMO-NN 0.7741(13.0) 0.9962(8.5) 0.9551(10.0) 0.2040(20.0) 0.8833(17.5) 0.2205(16.0) 0.8841(3.0) 0.2633(15.0) 0.6467(12.5)

DPS-NB 0.6414(25.0) 0.9808(27.0) 0.7504(20.0) 0.3083(5.0) 0.8930(13.0) 0.2823(5.0) 0.5430(11.0) 0.1639(21.0) 0.5653(19.6)
NB 0.5303(30.0) 0.9985(6.0) 0.5326(27.0) 0.0883(29.0) 0.6950(30.0) 0.3925(1.0) 0.0129(29.0) 0.0573(28.0) 0.4492(23.8)

DP-NB 0.5432(29.0) 0.9833(26.0) 0.7582(19.0) 0.2917(10.0) 0.9213(8.0) 0.2305(15.0) 0.5075(15.0) 0.2124(17.0) 0.5367(21.5)
S-NB 0.6674(24.0) 0.9954(17.0) 0.5512(25.0) 0.1833(26.0) 0.9250(7.0) 0.3718(3.0) 0.3314(26.0) 0.0725(26.0) 0.5417(19.8)

MWMO-NB 0.5563(28.0) 0.9996(4.0) 0.5508(26.0) 0.1763(27.0) 0.9800(1.0) 0.3920(2.0) 0.3525(24.0) 0.0778(25.0) 0.5114(20.4)
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Table 6. Experimental results of models on AUC.

Algorithm ID1 ID2 ID3 ID4 ID5 ID6 ID7 ID8 ID9

DPS-KNN 0.9965(2.0) 0.7295(1.0) 0.7762(3.0) 0.9143(5.0) 0.8930(7.0) 0.8990(1.0) 0.9026(2.0) 0.8637(18.0) 0.6623(6.0)
KNN 0.9923(10.0) 0.6916(6.0) 0.7657(6.0) 0.9198(3.0) 0.8628(19.0) 0.8608(9.0) 0.8890(19.0) 0.7909(25.0) 0.5507(21.0)

DP-KNN 0.9959(3.0) 0.6948(5.0) 0.7637(7.0) 0.9081(6.0) 0.8667(17.0) 0.8723(3.0) 0.9076(1.0) 0.8153(23.0) 0.6008(13.0)
S-KNN 0.9942(8.0) 0.7162(2.0) 0.7875(1.0) 0.9206(2.0) 0.8843(10.0) 0.8922(2.0) 0.9010(4.0) 0.8554(19.0) 0.5689(18.0)

MWMO-KNN 0.9929(9.0) 0.7020(3.0) 0.7700(4.0) 0.9192(4.0) 0.8719(15.0) 0.8720(4.0) 0.8913(18.0) 0.8679(15.0) 0.5745(16.0)

DPS-C4.5 0.9888(17.0) 0.6431(15.0) 0.7264(16.0) 0.8749(19.0) 0.8671(16.0) 0.8709(5.0) 0.8972(12.0) 0.9344(4.0) 0.6455(9.0)
C4.5 0.9816(21.0) 0.5915(29.0) 0.6807(22.0) 0.7719(28.0) 0.7880(27.0) 0.8208(22.0) 0.8701(25.0) 0.9450(2.5) 0.6356(11.0)

DP-C4.5 0.9861(19.0) 0.5986(27.0) 0.6797(23.0) 0.8796(17.0) 0.8741(13.0) 0.8524(13.0) 0.8983(11.0) 0.9339(5.0) 0.5978(14.0)
S-C4.5 0.9910(14.0) 0.6525(12.0) 0.7319(14.0) 0.8264(25.0) 0.8596(21.0) 0.8377(16.0) 0.8858(22.0) 0.9450(2.5) 0.7234(3.0)

MWMO-C4.5 0.9871(18.0) 0.6252(16.0) 0.7183(18.0) 0.7997(27.0) 0.8039(26.0) 0.8167(23.0) 0.8739(24.0) 0.9455(1.0) 0.6555(7.0)

DPS-LR 0.9708(22.0) 0.6727(9.0) 0.7247(17.0) 0.9071(7.0) 0.9106(2.0) 0.8642(8.0) 0.8990(10.0) 0.9014(12.0) 0.6551(8.0)
LR 0.9822(20.0) 0.5937(28.0) 0.7011(19.0) 0.8684(22.0) 0.8832(11.0) 0.8306(20.0) 0.8914(17.0) 0.8852(13.0) 0.4915(29.0)

DP-LR 0.9528(24.0) 0.6486(14.0) 0.6512(25.0) 0.8986(9.0) 0.9176(1.0) 0.8702(6.0) 0.8946(16.0) 0.9049(11.0) 0.6213(12.0)
S-LR 0.8071(30.0) 0.6147(18.0) 0.7688(5.0) 0.8760(18.0) 0.8880(9.0) 0.8607(10.0) 0.8996(8.0) 0.7832(26.0) 0.6450(10.0)

MWMO-LR 0.8946(29.0) 0.6142(19.0) 0.7496(10.0) 0.8729(20.0) 0.8600(20.0) 0.8281(21.0) 0.8875(21.0) 0.8672(16.0) 0.5697(17.0)

DPS-SVM 0.9912(13.0) 0.6619(11.0) 0.7506(9.0) 0.9218(1.0) 0.8935(6.0) 0.8690(7.0) 0.9005(6.0) 0.8824(14.0) 0.5321(23.0)
SVM 0.9896(16.0) 0.6067(22.5) 0.5546(30.0) 0.8448(24.0) 0.8157(25.0) 0.6121(30.0) 0.8837(23.0) 0.5000(30.0) 0.5000(26.0)

DP-SVM 0.9901(15.0) 0.5886(30.0) 0.6023(29.0) 0.8990(8.0) 0.8519(22.0) 0.7832(25.0) 0.9017(3.0) 0.8484(20.0) 0.5044(24.0)
S-SVM 0.9919(11.0) 0.6067(22.5) 0.7872(2.0) 0.8925(11.0) 0.9098(3.0) 0.8424(15.0) 0.8994(9.0) 0.5950(28.0) 0.5000(26.0)

MWMO-SVM 0.9917(12.0) 0.6067(22.5) 0.6733(24.0) 0.8703(21.0) 0.8279(24.0) 0.7631(29.0) 0.8880(20.0) 0.5850(29.0) 0.5000(26.0)

DPS-NN 0.9953(6.0) 0.7004(4.0) 0.6835(21.0) 0.8835(15.0) 0.8810(12.0) 0.8600(11.0) 0.9003(7.0) 0.9223(7.0) 0.7451(2.0)
NN 0.9955(4.5) 0.6506(13.0) 0.7604(8.0) 0.8915(12.0) 0.8977(4.0) 0.8360(19.0) 0.8969(13.0) 0.9155(8.0) 0.4968(28.0)

DP-NN 0.9955(4.5) 0.6669(10.0) 0.7473(11.0) 0.8818(16.0) 0.8732(14.0) 0.8504(14.0) 0.9007(5.0) 0.9229(6.0) 0.7218(4.0)
S-NN 0.9971(1.0) 0.6821(8.0) 0.6065(28.0) 0.8851(14.0) 0.8946(5.0) 0.8573(12.0) 0.8956(15.0) 0.9094(10.0) 0.7567(1.0)

MWMO-NN 0.9951(7.0) 0.6847(7.0) 0.6889(20.0) 0.8860(13.0) 0.8918(8.0) 0.8375(18.0) 0.8968(14.0) 0.9110(9.0) 0.6735(5.0)

DPS-NB 0.9500(25.0) 0.6229(17.0) 0.6344(27.0) 0.8956(10.0) 0.8649(18.0) 0.8376(17.0) 0.8577(27.0) 0.8668(17.0) 0.5669(19.0)
NB 0.9257(27.0) 0.6057(25.0) 0.7391(12.0) 0.7164(30.0) 0.7435(30.0) 0.7731(28.0) 0.8324(28.0) 0.7050(27.0) 0.4724(30.0)

DP-NB 0.9630(23.0) 0.6036(26.0) 0.6375(26.0) 0.8041(26.0) 0.7675(28.0) 0.7827(26.0) 0.8649(26.0) 0.8263(22.0) 0.5448(22.0)
S-NB 0.9067(28.0) 0.6067(22.5) 0.7332(13.0) 0.8634(23.0) 0.8417(23.0) 0.8152(24.0) 0.8208(29.0) 0.8285(21.0) 0.5866(15.0)

MWMO-NB 0.9329(26.0) 0.6124(20.0) 0.7265(15.0) 0.7189(29.0) 0.7456(29.0) 0.7774(27.0) 0.8059(30.0) 0.8135(24.0) 0.5550(20.0)

algorithm id10 id11 id12 id13 id14 id15 id16 id17 AVE

DPS-KNN 0.9119(1.0) 0.9972(11.0) 0.9789(10.0) 0.6442(11.0) 0.9191(25.0) 0.7238(4.0) 0.9087(8.0) 0.8199(2.0) 0.8553(6.9)
KNN 0.8785(16.0) 0.9955(22.5) 0.9703(13.0) 0.6408(14.0) 0.9500(14.5) 0.5600(27.0) 0.6653(24.0) 0.7500(11.0) 0.8079(15.3)

DP-KNN 0.8775(17.5) 0.9960(15.0) 0.9667(15.0) 0.6469(9.5) 0.8591(28.0) 0.6516(9.0) 0.8855(9.0) 0.7785(7.0) 0.8286(11.1)
S-KNN 0.9048(3.0) 0.9955(22.5) 0.9853(5.0) 0.6419(13.0) 0.9550(12.5) 0.5932(18.0) 0.7532(21.0) 0.8239(1.0) 0.8337(9.5)

MWMO-KNN 0.8838(11.0) 0.9960(15.0) 0.9811(9.0) 0.6404(15.0) 0.9700(8.0) 0.5926(19.0) 0.7531(22.0) 0.8137(4.0) 0.8290(11.2)

DPS-C4.5 0.8840(10.0) 1.0000(3.0) 0.9786(11.0) 0.6778(1.5) 0.9586(10.0) 0.6520(8.0) 0.9325(7.0) 0.7460(12.0) 0.8399(10.3)
C4.5 0.8022(26.0) 0.9997(7.0) 0.9944(1.5) 0.5000(30.0) 0.9977(1.0) 0.5007(30.0) 0.5000(30.0) 0.5133(29.0) 0.7584(20.1)

DP-C4.5 0.8801(15.0) 1.0000(3.0) 0.9777(12.0) 0.6778(1.5) 0.9580(11.0) 0.5739(20.0) 0.8655(12.0) 0.7395(13.0) 0.8219(13.5)
S-C4.5 0.8415(22.0) 1.0000(3.0) 0.9944(1.5) 0.6489(8.0) 0.9975(2.5) 0.5655(26.0) 0.8686(11.0) 0.5690(22.0) 0.8199(13.3)

MWMO-C4.5 0.8123(25.0) 1.0000(3.0) 0.9679(14.0) 0.5617(28.0) 0.9975(2.5) 0.5377(28.0) 0.8526(14.0) 0.5950(21.0) 0.7971(17.4)

DPS-LR 0.8968(6.0) 0.9926(26.0) 0.9666(16.0) 0.6469(9.5) 0.9186(26.0) 0.6448(10.0) 0.8320(15.0) 0.7538(10.0) 0.8328(12.6)
LR 0.8764(19.0) 0.8615(30.0) 0.7788(26.0) 0.5910(24.0) 0.9920(5.0) 0.5731(21.0) 0.6319(27.0) 0.5516(23.0) 0.7637(20.8)

DP-LR 0.9000(4.0) 0.9922(27.0) 0.9531(17.0) 0.6421(12.0) 0.9264(24.0) 0.6063(15.0) 0.8041(16.0) 0.7950(5.0) 0.8223(14.0)
S-LR 0.9093(2.0) 0.8753(28.0) 0.8436(21.0) 0.5888(25.0) 0.9436(22.0) 0.6099(14.0) 0.7687(19.0) 0.5952(20.0) 0.7810(16.8)

MWMO-LR 0.8837(12.0) 0.8706(29.0) 0.8045(23.0) 0.5985(23.0) 0.9464(19.0) 0.5935(17.0) 0.7359(23.0) 0.6058(19.0) 0.7754(19.9)

DPS-SVM 0.8993(5.0) 0.9943(25.0) 0.9204(20.0) 0.6583(3.5) 0.9393(23.0) 0.6364(11.0) 0.9426(5.0) 0.8177(3.0) 0.8360(10.9)
SVM 0.7600(28.0) 0.9960(15.0) 0.7087(30.0) 0.6007(20.0) 0.8500(30.0) 0.5068(29.0) 0.5464(28.0) 0.5000(30.0) 0.6927(25.7)

DP-SVM 0.8569(20.0) 0.9947(24.0) 0.8164(22.0) 0.6583(3.5) 0.8893(27.0) 0.5698(24.0) 0.8601(13.0) 0.7799(6.0) 0.7880(18.6)
S-SVM 0.8917(7.0) 0.9959(18.5) 0.7091(29.0) 0.6007(20.0) 0.9450(20.5) 0.5726(22.0) 0.7563(20.0) 0.5350(25.0) 0.7666(17.0)

MWMO-SVM 0.8306(23.0) 0.9959(18.5) 0.7141(28.0) 0.6007(20.0) 0.9500(14.5) 0.5721(23.0) 0.7880(17.0) 0.5500(24.0) 0.7475(22.1)

DPS-NN 0.8850(9.0) 0.9958(20.0) 0.9899(4.0) 0.6500(7.0) 0.9550(12.5) 0.6921(5.0) 0.9463(4.0) 0.7671(8.0) 0.8502(9.1)
NN 0.8775(17.5) 0.9960(15.0) 0.9819(6.5) 0.6357(17.0) 0.9489(17.5) 0.5694(25.0) 0.9994(1.0) 0.7000(14.0) 0.8264(13.1)

DP-NN 0.8829(13.0) 0.9957(21.0) 0.9931(3.0) 0.6533(5.0) 0.9450(20.5) 0.6272(12.0) 0.9392(6.0) 0.7638(9.0) 0.8448(10.2)
S-NN 0.8851(8.0) 0.9960(15.0) 0.9819(6.5) 0.6018(18.0) 0.9491(16.0) 0.6683(6.0) 0.9952(2.0) 0.6347(17.0) 0.8351(10.7)

MWMO-NN 0.8813(14.0) 0.9964(12.0) 0.9816(8.0) 0.5997(22.0) 0.9489(17.5) 0.6146(13.0) 0.9811(3.0) 0.6330(18.0) 0.8295(12.3)

DPS-NB 0.8464(21.0) 0.9981(10.0) 0.9459(19.0) 0.6527(6.0) 0.9916(6.0) 0.6621(7.0) 0.8757(10.0) 0.6874(16.0) 0.8092(16.0)
NB 0.7368(30.0) 0.9999(6.0) 0.7679(27.0) 0.5301(29.0) 0.8539(29.0) 0.7810(3.0) 0.5034(29.0) 0.5250(28.0) 0.7183(24.6)

DP-NB 0.7661(27.0) 0.9983(9.0) 0.9468(18.0) 0.6403(16.0) 0.9939(4.0) 0.6010(16.0) 0.7817(18.0) 0.6887(15.0) 0.7771(20.5)
S-NB 0.8187(24.0) 0.9996(8.0) 0.7815(25.0) 0.5684(26.0) 0.9645(9.0) 0.7962(1.0) 0.6396(26.0) 0.5291(27.0) 0.7706(20.3)

MWMO-NB 0.7488(29.0) 1.0000(3.0) 0.7826(24.0) 0.5649(27.0) 0.9900(7.0) 0.7876(2.0) 0.6466(25.0) 0.5340(26.0) 0.7496(21.4)
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Table 7. Number of data sets on which DPS methods outperform the compared methods.

Algorithm Recall G-Mean F-Measure AUC

DPS-KNN - - - -
KNN 15 15 9 15

DP-KNN 15 14 10 15
S-KNN 12 12 6 12

MWMO-KNN 14 11 7 13

DPS-C4.5 - - - -
C4.5 13 14 11 14

DP-C4.5 10 12 9 12
S-C4.5 12 11 5 9

MWMO-C4.5 14 14 10 13

DPS-LR - - - -
LR 15 15 10 14

DP-LR 11 11 13 11
S-LR 14 13 10 13

MWMO-LR 16 15 13 15

DPS-SVM - - - -
SVM 16 16 15 16

DP-SVM 14 14 14 14
S-SVM 12 12 11 12

MWMO-SVM 14 14 14 14

DPS-NN - - - -
NN 13 11 6 11

DP-NN 13 10 5 11
S-NN 9 10 8 10

MWMO-NN 11 14 8 12

DPS-NB - - - -
NB 13 14 12 14

DP-NB 12 11 10 10
S-NB 13 13 8 13

MWMO-NB 13 13 11 14

6. Conclusions

This paper proposes a classification method based on data-partitioning and SMOTE for the
class-imbalanced problem. In the learning stage, the proposed method partitions the majority class into
several clusters, merges each cluster with the minority class as several new sets, and oversamples the
new sets to obtain relatively more balanced new training sets. Then, a classification model is learned
from each new training set and thus a repository of models is constructed. In the prediction stage,
a model is selected from this repository using the partition method learned in the learning stage to
predict the class of an example. Experimental results show that the proposed method significantly
enhances the performances of conventional methods on class-imbalanced problems, and compared
to some other existing classification methods for tackling class-imbalanced problems, the proposed
method also shows superiority in terms of recall, g-mean, f-measure and AUC.

In this paper, although we limited the analyses to two-class imbalanced problems and only used
K-means and SMOTE as the partitioning and sampling technique, respectively, the general ideas
derived in this paper are valid for broad multi-class imbalanced problems. Future work will involve
further testing the performance of the proposed method on multi-class problems, automating the
selection of the parameters of K-means. In addition, many partition methods and sampling techniques
can be used for the proposed methods, and therefore it will be also important to study the impact of
other partitioning methods and sampling techniques on the proposed method.
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