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Abstract. Mining time series data and imbalanced data are two of
ten challenging problems in data mining research. Imbalanced time se-
ries classification (ITSC) involves these two challenging problems, which
take place in many real world applications. In the existing research, the
structure-preserving over-sampling (SOP) method has been proposed for
solving the ITSC problems. It is claimed by its authors to achieve bet-
ter performance than other over-sampling and state-of-the-art methods
in time series classification (T'SC). However, it is unclear whether an
under-sampling method with various learning algorithms is more effec-
tive than over-sampling methods, e.g., SPO for ITSC, because research
has shown that under-sampling methods are more effective and efficient
than over-sampling methods. We propose a comparative study between
an under-sampling method with various learning algorithms and over-
sampling methods, e.g. SPO. Statistical tests, the Friedman test and
post-hoc test are applied to determine whether there is a statistically
significant difference between methods. The experimental results demon-
strate that the under-sampling technique with KNN is the most effec-
tive method and can achieve results that are superior to the existing
complicated SPO method for ITSC.

Keywords: Imbalanced Time Series Classification, Supervised Learning
Algorithms, Under-sampling, Over-sampling

1 Introduction

The problems of mining time series data and imbalanced data are two of ten chal-
lenging problems in data mining research [1], which have captured the interest and
attention of the data mining and machine learning communities for almost two
decades. Imbalanced time series classification (ITSC) involving these two prob-
lems can be widely observed in many real-world applications in various domains.

ITSC refers to training examples of time series classification (T'SC) which are
unevenly distributed with unequal cost among classes [2]. ITSC involves many
real world applications, such as ECG beats classification [3, 4]. The various chal-
lenges, i.e., high dimensionality, large scale, uneven distribution with different
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costs for mis-classification errors between different classes, and the nature of
numerical attributes considered as a whole instead of individual numerical at-
tributes, such as the sequence of attributes carrying information with a special
connection between them |j], mean that many supervised learning algorithms
are not effective for ITSC [2]. Many techniques have been proposed for TSC,
such as one-nearest-neighbor (INN) with Dynamic Time Warping (DTW) [6]
because the distance measure has proven “exceptionally difficult to beat” [7],
but the drawback is that the computational cost is too high [7, I§].

Research into imbalanced data has attracted growing attention in several com-
munities, particularly two major workshops on Learning from Imbalanced Data
Sets, AAAT’00 [9] and ICML’03 [10], and a special issue in ACM SIGKDD Ex-
plorations’04 [11]. Imbalanced class distribution refers to the numbers of training
instances and/or the costs of mis-classification errors are unevenly distributed
among different classes [12]. Most traditional supervised learning algorithms
have drawbacks with regard to highly imbalanced class distribution. In addi-
tion, the overall accuracy/misclassification error rate is an ineffective evaluation
metric for imbalanced class distribution data, because it cannot represent the
accuracy of minority class, which is the users interested class |2, [12-16]. Many
researchers have attempted a number of ways to improve the performance of the
prediction model for the imbalanced class distribution problem, at data level,
algorithm level, in cost-sensitive learning and ensemble learning. Re-sampling
techniques have been the most commonly used techniques to solve imbalanced
classification problems at data level, from the simple random under-sampling
and over-sampling methods to advanced sampling techniques such as SMOTE
[17], SMOTEBoost |18], and Borderline SMOTE [19]. The main advantage of
under-sampling methods is that they significantly reduce the computational cost
of training a classification model, because only a proportion of majority class in-
stances are selected to train a classification model. Previous works comparing
under-sampling and over-sampling methods with Decision Tree learner C4.5 in-
dicate that under-sampling is more effective than over-sampling [20-22].

In the existing research, a structure-preserving over-sampling (SPO) method
with support vector machines (SVM) has been proposed for solving the ITSC
problem. Its authors claim that it achieves better performance than other over-
sampling methods and state-of-the-art methods in TSC [23]. However, the au-
thors have not compared it with under-sampling methods for ITSC; their claim is
based on a comparison of the average values of two evaluation metrics, F' —value
and Geometric mean (G — mean), without statistical analysis to support their
conclusion. In addition, evaluating the performance of multiple methods over
multiple data-sets to draw valid conclusions is a challenging issue in analyzing
experimental results in data mining research.

Our previous work proposed an under-sampling technique integrated with
SVM; we observed that our previous proposed method is more efficient than
other more complicated approaches, such as SPO with SVM for ITSC [2]. How-
ever, it is unclear whether the under-sampling method with various supervised
learning algorithms is more effective than over-sampling methods, SPO, and the
under-sampling technique integrated with SVM for ITSC.
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These issues have motivated us to conduct a comparative evaluation of the
performance of over-sampling methods (e.g., the complex SPO [23]) and under-
sampling with different supervised learning algorithms for ITSC. Statistical tests
are adopted to validate our conclusions; moreover, it provides a correction of
the claim for the SPO method by using statistical analysis. As the overall
accuracy /mis-classification error rate is ineffective for imbalanced classification,
this work adopts two evaluation metrics: F' — value and G — mean. The experi-
mental results demonstrate that the under-sampling technique with KNN is the
most effective method and can achieve results that are superior to the existing
complicated SPO method for ITSC.

The paper is organized as follows. Section 2l presents an outline of the designed
framework. Section B] presents the evaluation metrics. Sections ] and [ provide
the experimental setting and experimental analysis. Section [6l concludes this
work.

2 Designed Framework

Fig. [[ presents the designed framework. The comparative study is evaluated as
follows:

1. For each imbalanced binary class data-set, the random under-sampling
method is used to alter the levels of class distribution:
— Firstly, all the positive examples are distributed equally to a set of five
subsets.
— Secondly, negative examples are randomly allocated to each subset accord-

ing to the ratio of positive and negative examples (positive:negative) as
follows: (30%:70%), (40%:60%), (50%:50%), (60%:40%), and (70%:30%).

A Comparative Study of Sampling Methods and Algorithms for ITSC

A

Random under-sampling method is used to alter the class distribution

|

The number of positive examples of training-set is same as the existing work, SPO

1'l 1l

Comparison of the over-sampling and Comparison of the learning methods and

under-sampling with different algorithms for ITSC different algorithms for ITSC

Fig. 1. Designed framework
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As aresult, each original imbalanced data-set is altered to become five sub-
sets with the same number of positive examples and five different ratios of
negative examples.

2. The number of positive and negative examples in the altered data-sets in
Table B which are the same as those in the data-sets of the existing work
[23], are used for the evaluation of the performance of each learning algorithm
on each subset, based on two evaluation metrics, F'—wvalue and G—mean. As
a result, each learning algorithm has the outputs of five pairs of F' — value
and G — mean on each original data-set. Only the output pair with the
maximum G — mean is selected for reporting.

3. A comparison is made of the performance of the over-sampling methods,
SPO, and under-sampling method with five learning algorithms.

4. A comparison is made of the performance of the state-of-the-art learning
methods, SPO, and under-sampling with five learning algorithms.

5. Statistical tests, the Friedman test and post-hoc Nemenyi test are applied
to determine whether there is a statistically significant difference between
methods.

3 Evaluation Metrics

The estimated misclassification error rate/overall accuracy is commonly used as
an evaluation metric to assess the performance of a learning algorithm, but it
is an ineffective evaluation metric for the imbalanced classification task. This
is especially true for ITSC, because it cannot present a true prediction for the
minority class, which normally has a higher misclassification error cost than the
majority class. Therefore, we have adopted two evaluation metrics for this study
as follows: F' — value and G — mean.

Table[ presents a confusion matrix, which is used to evaluate the performance
of machine learning algorithms; the columns represent the predicted class, and
the rows represent the actual class. In the confusion matrix, True Positives (T'P)
and True Negatives (T'N) denote the number of examples correctly classified as
positive and negative, respectively. False Positives (F'P) and False Negatives
(FN) denote the number of misclassified negative examples and positive exam-
ples, respectively.

True Positive Rate (T PR) and True Negative Rate (T'NR) refer to the pro-
portion of the positive samples and negative samples that have been correctly
classified as a positive class and negative class, respectively.

Table 1. Confusion matrix for a binary classification problem

Predicted Positives Predicted Negatives

Actual Positives (P) True Positive (T'P) False Negative (F'N)
Actual Negatives (N) False Positive(F P) True Negative (T'N)
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F — value is integrated from both recall and precision into a single number,
and represents a harmonic mean between recall and precision [24]. As a result,
it is closed to one of the smaller number of two (recall and precision). This
measure is concerned with the performance of the positive class, so a high F-
value indicates that high results in both precision and recall are achieved. On
the other hand, the G — mean measure considers the performance of a learning
algorithm between two classes to monitor TPR and TN R. The formulas of the
evaluation metrics are as follows:

TP
TPh= TP+ FN M)
TN
TNR = 2
R TN+ FP 2)
TP
recall = TP+ FN (3)
TP
o 4
precision = o, | pp (4)
F— value — 2recall * prec.is.ion (5)
recall + precision
G —mean = VTPR+TNR (6)

4 Experimental Setup

This section includes data-set characteristics and the selection of the five learning
algorithms. Java platform is used to implement the under-sampling technique to
alter the ratio between the positive samples and negative samples. SPSS software
is used for the calculation of the Friedman test.

4.1 Data-Sets

Table Pldisplays a summary of the characteristics of the five time series data-sets
from the public UCR time series repository [25], which were used as the bench-
mark data-sets of SPO [23]. The first column indicates the index and name of
each data-set; the second column presents the data information of the original
data-sets, and the altered data-sets (with the number of positive, negative ex-
amples, and the ratio between the positive and negative classes), which has the
same setting as the existing work [23]; and the last column indicates the class
information of the original and the altered data-sets. We also alter three out of
five data-sets from multi-class change to binary-class, as follows. For the Adiac
data-set, the second class with 23 samples is considered as a positive class, and
the remaining samples are considered as a negative class. For FaceAll and S-
Leaf data-sets, the first class is considered as the positive class with 112 and 75
samples, respectively.
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Table 2. Time series data-sets

Data-sets Data Information Class Information
TS Instances Ratio Previous  Altered
Index Name  Length (PT&N~) PT* N~ PY/N™ Class class
1 Adiac 176 781 23 758 0.0303 37 2
2 S-Leaf 128 1125 75 1050 0.0714 15 2
3 Wafer 152 7164 762 6402 0.0119 2 2
4 FaceAll 131 2250 112 2138 0.0524 14 2
5 Yoga 426 3300 1530 1770  0.8644 2 2

4.2 Selection of Learning Algorithms

Five learning algorithms are selected from WEKA [26] for this study: Sequen-
tial Minimal Optimization (SMO) of SVM, Decision Tree (J48), Random Tree
(RTree), KNN, and Multi-layer Proceptron (MLP).

5 Experimental Results Analysis

This section contains two subsections: .1l comparison of the performance of over-
sampling methods, SPO, and the under-sampling method with different learning
algorithms on ITSC; and comparison of the performance of other learning
methods, SPO, and under-sampling methods with different algorithms for ITSC.

Demar [27] suggests that it is inappropriate to validate the conclusions by
using the averaged results over multiple data-sets when the performances of
multi-methods are compared. The main reason is that the averages are sus-
ceptible to outliers. For example, the KNN algorithm with the under-sampling
method has an excellent F' — value performance (0.999 on one data-set, wafer)
to compensate for other bad F' — value performances. It is preferable for the
classifiers to perform well on as many problems as possible, which is why it is
inappropriate to draw conclusions by averaging the results over multiple data-
sets. Previous authors [23] have based their conclusions on the averaged results
of the F'—wvalue and G —mean; thus, their conclusions cannot be validated. This
work therefore utilizes statistical tests, the Friedman test and post-hoc Nemenyi
test to compare the performance of the multiple learning methods on multiple
data-sets, as suggested by [27].

5.1 Comparison of the Performance of Over-Sampling Methods
and Different Learning Algorithms with the Under-Sampling
Method

Table Bl presents a comparison of the performance of over-sampling methods and
five learning algorithms with the under-sampling method based on the F' —wvalue
and G — mean metrics. The experimental results indicate that KNN with the
under-sampling method achieves better performance with F' — value than all



A Comparative Study of Sampling Methods and Algorithms for ITSC 643

Table 3. Comparison of the performance of over-sampling and under-sampling meth-
ods with different learning algorithms based on the evaluation metrics F' — value and
G — mean

Data-set Results from Previous Research [23] Results from This Work
Metrics Over-sampling Methods Under-sampling
Name REP SMO BoS ADA DB SPO SVM J48 RTree KNN MLP
Adiac 0.375 0.783 0.783 0.783 0.136 0.963 0.967 0.883 0.903 0.918 0.947
S-Leaf 0.761 0.764 0.764 0.759 0.796 0.796 0.841 0.820 0.849 0.836 0.786
Wafer 0.962 0.968 0.968 0.967 0.977 0.982 0.891 0.929 0.956 0.999 0.933
F — value FaceAll 0.935 0.935 0.935 0.935 0.890 0.936 0.957 0.876 0.863 0.909 0.919
Yoga 0.710 0.729 0.721 0.727 0.689 0.702 0.744 0.771 0.811 0.807 0.780
AverageValue 0.740 0.836 0.834 0.834 0.698 0.876 0.880 0.856 0.876 0.894 0.873
AverageRank 83 6.3 6.7 71 79 43 4 68 52 36 58
Adiac 0.480 0.831 0.831 0.831 0.748 0.999 0.957 0.910 0.920 0.958 0.975
S-Leaf 0.800 0.861 0.861 0.849 0.898 0.898 0.902 0.809 0.812 0.887 0.856
Wafer 0.965 0.969 0.970 0.970 0.980 0.984 0.903 0.907 0.956 0.998 0.937
G — mean FaceAll 0.950 0.950 0.950 0.950 0.948 0.957 0.966 0.870 0.860 0.929 0.925
Yoga 0.741 0.756 0.750 0.755 0.724 0.735 0.630 0.807 0.803 0.808 0.774

AverageValue 0.787 0.783 0.872 0.871 0.860 0.915 0.872 0.861 0.870 0.916 0.893
AverageRank 83 58 59 62 65 33 56 76 72 34 6.2

over-sampling methods and other learning algorithms with the under-sampling
method on average value and average rank of F' — value; while KNN achieves
0.894 and 3.6, respectively, which is better than all over-sampling methods and
all learning algorithms with the under-sampling method.

On average value and average rank of the G — mean metric, however, the
SPO over-sampling method achieves 0.915 and 3.3, respectively, which is the best
among all the over-sampling and under-sampling methods on average rank of the
G —mean metric, whereas KNN with the under-sampling method achieves 0.916
and 3.4, respectively, which is the best among all algorithms with the under-
sampling method and all over-sampling methods on average of the G — mean
metric. The results highlighted in red indicate the correction of the previous
work [23].

Figs2land Bl present a comparison of over-sampling and under-sampling meth-
ods with the Nemenyi test, where the z-axis indicates the ranking order of the
sampling methods; the y-axis indicates the average rank of the F' — value and
G — mean performance, respectively, and the vertical bars indicate the “Criti-
cal Difference”. Groups of sampling methods that are not significantly different
at a 95% confidence interval are indicated when the vertical bars overlap. The
results indicate that there is no statistically significant difference between the
over-sampling method and the under-sampling method, based on both F —wvalue
and G — mean metrics, even though KNN and SPO show better average rank
in F' — value and G — mean, respectively.



644 G. Liang and C. Zhang

Average Rank of F-value for Ovre-/Under-sampling Methods

REP

BoS ¢ J48 T ADA| DB

MLP SMO

Average rank of F-value

8
6
4 SPO
SVM RTree
2 KNN

0

o 1 2 3 4 5 6 7 8 9 10 11 12

Ranking order of average rank of F-value

Fig. 2. Comparison of average rank of the F' — value with the Nemenyi test for the
over-sampling and under-sampling methods, where the z-axis indicates the ranking
order of all the sampling methods and learning algorithms, the y-axis indicates the
average rank of the F' — value, and the vertical bars indicate the “Critical Difference”

Average Rank of G-mean for Over-/Under-sampling Methods

REP
DB J4a8

RTree
SvM | SMO [ BoS | ADA [ MLP

Average rank of Gmean

SPO KNN

2 4 6 8 10 12

Ranking order of average rank of G-mean

Fig. 3. Comparison of average rank of the G — mean with the Nemenyi test for all the
over-sampling and under-sampling methods, where the z-axis indicates the ranking
order of all the sampling methods and learning algorithms, the y-axis indicates the
average rank of the G — mean, and the vertical bars indicate the “Critical Difference”

Comparing SPO, KNN, and the other over-sampling and under-sampling
methods, the complex over-sampling method SPO, and simple under-sampling
method KNN are not statistically significantly better than any over-sampling
methods and learning algorithms with the under-sampling method based on both
F —value and G — mean. Therefore, the statistical tests demonstrate that there
is no statistically significant difference between SPO, KNN and the other over-
sampling methods and learning algorithms with under-sampling, even though
SPO and KNN have the best average rank in G — mean or F' — value.

5.2 Comparison of the Performance Learning Methods,
Over-Sampling SPO, and Under-Sampling Method with Five
Learning Algorithms

Table HE presents a comparison of the performance of learning methods
(results from previous research ﬂﬁ]) and five learning algorithms using the
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Table 4. Comparison of the performance of learning methods from previous research
[23] and five learning algorithms using the under-sampling method from this work
based on evaluation metrics: F' — value and G — mean

Data-set Results from Previous Research [23]  Results from This Work
Metrics Learning Methods Under-sampling
Name Easy Bal. INN INN DW SPO SVM J48 RTree KNN MLP
Adiac 0.534 0.348 0.800 0.917 0.963 0.967 0.883 0.903 0.918 0.947
S-Leaf 0.521 0.578 0.716  0.429 0.796 0.841 0.820 0.849 0.836 0.786
Wafer 0.795 0.954 0.949 0.857 0.982 0.891 0.929 0.956 0.999 0.933
F — value FaceAll 0.741 0.625 0.802  0.959 0.936 0.957 0.876 0.863 0.909 0.919
Yoga 0.356 0.689 0.652  0.710 0.702 0.744 0.771 0.811 0.807 0.780
AverageValue 0.589 0.639 0.784 0.774  0.876 0.880 0.856 0.876 0.894 0.873
AverageRank 9.4 8 7.4 6.2 3.8 3.6 56 3.6 3 44
Adiac 0.782 0.897 0.875  0.920 0.999 0.957 0.910 0.920 0.958 0.975
S-Leaf 0.721 0.898 0.798  0.572  0.898 0.902 0.809 0.812 0.887 0.856
Wafer 0.817 0.970 0.953  0.870  0.984 0.903 0.907 0.956 0.998 0.937
G — mean FaceAll 0.792 0.918 0.983 0.985  0.957 0.966 0.870 0.860 0.929 0.925
Yoga 0.464 0.688 0.695 0.741 0.735 0.630 0.807 0.803 0.808 0.774
AverageValue 0.713 0.874 0.861 0.818 0.915 0.872 0.861 0.870 0.916 0.893
AverageRank 9.8 5.5 6.2 6.1 2.7 6.1 6.2 55 24 45

under-sampling method (results from this work) based on F' — value and G —
mean evaluation metrics. The experimental results indicate that KNN using the
under-sampling method achieves better performance of F' —value and G —mean
than the remaining learning methods and learning algorithms using the under-
sampling method on average value and average rank of F'—wvalue and G —mean.
For F' — value and G — mean metrics, KNN achieves an average value of 0.894
and 0.916, and an average rank of 3.0 and 2.4, respectively, which is the best
among all the remaining learning methods and learning algorithms using the
under-sampling method.The results highlighted in red indicate the correction of
the previous work [23].

Figs [ and [{] present a comparison of learning methods (results from previous
research) and five learning algorithms using the under-sampling method with
the Nemenyi test, where the z-axis indicates the ranking order of the learning
methods and learning algorithms; the y-axis indicates the average rank of F —
value and G —mean performance, respectively, and the vertical bars indicate the
“Critical Difference”. Groups of learning methods and learning algorithms that
are not significantly different at a 95% confidence interval are indicated when the
vertical bars overlap. The statistical test results demonstrate that over-sampling
SPO and under-sampling KNN are statistically significantly better than the
learning method, Easy; however, there is no statistically significant difference
between over-sampling SPO, under-sampling KNN, and the remaining learning
methods and algorithms based on the average rank of both the F' — value and
G — mean metrics.
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Average Rank of F-value for Learning Methods and Algorithms
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Average rank of F-value

Ranking order of average rank of F-value

Fig. 4. Comparison of average rank of the F' — value metric with the Nemenyi test for
the learning methods and five learning algorithms using the under-sampling method,
where the z-axis indicates the ranking order of all the learning methods and learning
algorithms, the y-axis indicates the average rank of F' — value, and the vertical bars
indicate the “Critical Difference”

Average Rank of G-mean Metric for Learning Methods and Algorithms

Easy
SVM Jas

4 4 MLP | Bal RTree | INN_DW
| KNN ¢ SPO
+
2

0 I

Average rank o f G-mean
o«

4 6 8 10 12

Rankinng order of average rank of G-mean

Fig. 5. Comparison of average rank of the G — mean metric with the Nemenyi test for
the learning methods and five learning algorithms using the under-sampling method,
where the z-axis indicates the ranking order of all the learning methods and learning
algorithms, the y-axis indicates the average rank of G — mean, and the vertical bars
indicate the “Critical Difference”

6 Conclusion

This study empirically evaluates the performance of complex over-sampling SPO
and simple under-sampling with five learning algorithms for ITSC, based on
two evaluation metrics, F' — value and G — mean. The existing over-sampling
techniques generate more synthetic samples to balance training sets to improve
prediction models, while the under-sampling method selects a part of negative
samples for training. The drawback of the over-sampling method is that it is
considered to increase computational cost in training classifiers. The advantages
of the under-sampling method is that it is considered to be faster and to have
less computational cost than the over-sampling method for training the pre-
diction model. These issues have motivated us to investigate whether different
learning algorithms combining a random under-sampling method with different
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ratios between positive samples and negative samples in the training set outper-
form the complex over-sampling SPO. The experimental results indicate that
simple under-sampling KNN achieves better results on average for both evalu-
ation metrics F' — value and G — mean, and achieves better results in average
rank for the G — mean metric. However, when we apply statistical tests to
analyze the results, we find that there is no statistically significant difference
between the complex over-sampling SPO and the simple under-sampling KNN;
the over-sampling SPO and under-sampling KNN are statistically significantly
better than the learning method, Easy; and there is no statistically significant
difference between the remaining learning methods and algorithms for ITSC.
Therefore, the experimental results demonstrate that the simple under-sampling
KNN can achieve results that compare favorably with the existing complicated
SPO method for ITSC.
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