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While originally D3.1 and WP3.1 were proposed to strongly consider aspects of semi-supervised
and active learning, the focus of our research shifted due to being more readily available rather
towards the investigation of resampling and anomaly detection methods through additional
attributes. In regards, to the direction proposed on semi-supervised learning, one may consider the
found resampling techniques within the literature as variations to these. Therefore, the title of this
deliverable was changed from "Semi-supervised learning for class imbalance problems" to "Novel
techniques for class imbalance problems". This report is mainly based upon published papers from
ESRS, with additional contributions from ESR4.

1. Executive summary

The objective of WP3.1 is to develop novel techniques for industrial class-imbalance optimisation
problems, and therefore to save the computation time and simulation cost. Within the imbalance
research in ECOLE project, data complexity in the imbalanced datasets is studied. The particular
focus was on whether significant performance improvement can be achieved on any given
imbalanced datasets through performing hyperparameter optimisation techniques. After that, we
further studied the performance of several resampling techniques and investigated the relationship
between data complexity measures and different resampling techniques, based on both benchmark
datasets and a real-world inspired vehicle mesh dataset (detailed information provided in
deliverable D1.2). According to our experimental results, it is shown that applying resampling
techniques on the proposed industrial dataset can improve the classification performance by
around 10%. Moreover, we also proposed to improve imbalanced classification by introducing
additional attributes, which gives significant improvement on imbalanced classification
performance and is simple to implement and can be combined with resampling techniques and
other algorithmic-level approaches in the imbalanced learning domain.
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2. Major achievements

Major scientific achievements concerning the research invested in this deliverable are presented.
In particular, short answers to some of the most important research questions — practical issues —
are described:

Research Questions Discussion

Does hyperparameter

optimisation bring Our experimental results demonstrate that significant

improvement to the improvement can be achieved by performing hyperparameter
imbalanced classification optimisation for datasets with low overlap between classes.

performance?

Is there any relationship Although no obvious relationship can be abstracted in our

between data complexity experiments, we find F1v value, a measure for evaluating the

measures and the choice of overlap which most researchers ignore, has a strong negative

resampling techniques? correlation with the potential AUC value (after resampling).

According to our experimental results, introducing additional
attributes can 1improve the imbalanced classification
performance in most cases (6 out of 7 datasets). Further study
Does introducing additional | shows that this performance improvement is mainly
attributes bring improvement | contributed by a more accurate classification in the

to the imbalanced overlapping region of the two classes (majority and minority
classification performance? classes). The proposed idea of introducing additional
attributes is simple to implement and can be combined with
resampling techniques and other algorithmic-level
approaches in the imbalanced learning domain.




3. Introduction

Experience-Based Computation: Learning to Optimize (ECOLE) is a Marie-Curie ITN project, in
collaboration with University of Birmingham, Honda Research Institute, Leiden University and
NEC Labs Europe GmbH. The project has been further divided into several subprojects, where
each early stage researcher (ESR) is responsible for each subproject. The research aims of ECOLE
include shortening the product cycle, reducing the resource consumption during the complete
process, and creating more balanced and innovative products. Instead of just developing
technologies to solve a given problem, it will take a bold step forward and propose to use
knowledge automatically across different problem domains. Referring to knowledge, skill, and
practice derived from problem solving processes in time, the experience of optimizing one product
or process will be learned and transferred automatically to solve other optimization problems.

Within many optimization processes, solutions are produced which can be classified according to
their feasibility. However, the ratio of the number of feasible to infeasible solutions might be
strongly imbalanced. Thus, rendering the employment of any classifier to automatically detect
unwanted solutions ineffective due to performance degradation. For example, in aerodynamics
optimization, most car shapes generated are not feasible or novel. Only a small number of designs
are worth exploring. Within the ECOLE project, deliverable D3.1 “Novel Techniques for Class
Imbalance Problems” is dedicated towards advancing this topic by exploring techniques for
handling class imbalance problems. This report on deliverable D3.1 is therefore a summary on the
conducted research and the achievements within work package WP3 related to this line of
investigation.

Specifically, we report in the following about completed activities from work package 3.1 “Class
imbalance classification through semi-supervised and active learning for class imbalance
problems”. In the following, Section 2 provides a formal description of the class imbalance
problem as well as provides an overview on basic techniques for handling class imbalance
problems. In Section 3, hyperparameter optimization as well as the relationship between data
complexity measures and different resampling techniques are investigated. Section 4 explains the
studies on anomaly detection with additional attributes. Finally, Section 5 provides a summary and
outlook of the discussed results.



x4y
* *
* *

*
A

Eurcpean
Commission

4. The Class Imbalance Classification Problem

The section first introduces the challenge of class imbalance classification (Section 4.1). After that,
common-used techniques to handle class imbalance problems are introduced (Section 4.2).

4.1. The Challenge of Class Imbalance Classification

The imbalanced classification problem has caught growing attention from both the academic and
industrial fields. Technically, any dataset with an unequal class distribution is imbalanced.
However, only datasets with a significantly skewed distribution are regarded to be imbalanced in
the imbalanced learning domain [1]. Here, the one or more classes being underrepresented are
called minority class(es) and the other class(es) are called majority classes.

Feature 2

Feature_1

Figure 1: Example of a two-class imbalanced problem [ 1] with imbalanced ratio of 100:1.

This type of data will result in a reduction in the effectiveness of classical machine learning
classification algorithms, because these algorithms assume that the distributions of the classes in
the dataset are roughly equal [2]. When faced with significantly imbalanced data, these algorithms
will be heavily biased towards the majority class and give deceptive accuracy. For example,
suppose there are two classes in the dataset (shown in Figure 1), and the ratio of the majority to
minority class is 100:1. In this situation, the classification algorithms will tend to predict all the
samples as the majority class and give a 99% accuracy. This high accuracy is deceptive since the
algorithms neglect the minority class. When learning from the imbalanced data, the algorithms pay
more attention to the majority class, whereas, usually the minority class is the one which: catches
more attention in real life, such as disease recognition and fraud detection. This contradiction
brings the challenges of dealing with imbalanced data. The main challenge of class-imbalance



problems is to improve the accuracy of predicting the minority class without losing so much
accuracy of the majority class.

4.2. Techniques to Handle Class Imbalance Problems

The main techniques to handle class imbalance problems can be divided into four categories, data-
level approaches, algorithm-level approaches, cost-sensitive learning and ensemble-based learning

[1].

Data-level approaches (also known as resampling techniques) are straight-forward ways to deal
with the class imbalance problems and they aim at rebalancing the class distribution by resampling
the data space. Resampling techniques can be categorized into three groups [3]:

e oversampling approaches: replicating the existing minority samples or creating synthetic
minority samples based on the original ones

e undersampling approaches: deleting the existing majority samples

e hybrid approaches: combining both sampling approaches above

Algorithm-level approaches adapt the existing classification learning algorithm to bias the learning
towards the minority class. This always requires a deep understanding of the working mechanism
of the selected classifier. Many popular machine learning classifiers have alternative versions for
dealing with imbalanced problems [1], including SVM, Decision Trees, Bayesian classifiers and
etc. In the imbalanced learning domain, cost-sensitive learning can be regarded as a specific type
of algorithm-level approach [1]. A misclassification cost is introduced to eliminate the classifier
degradation brought by the skewed distribution in the imbalanced dataset. In terms of ensemble-
based learning, it is a combination between an ensemble learning algorithm and one of the
techniques above.



5. Studying Data Complexity in Imbalanced Datasets

Apart from developing new approaches to solve class-imbalance problems, various studies have
pointed out that it is important to study the characteristics of the imbalanced dataset [4] [S]. In [4],
authors emphasize the importance to study the overlap between the two-class samples. In [5],
authors set up several experiments with the KEEL benchmark datasets [6] to study the relationship
between various data complexity measures and the potential AUC value. It is also pointed out in
[5] that the distinctive inner procedures of oversampling approaches are suitable for particular
characteristics of data. However,

In the following, we will therefore study data complexity in the context of class imbalance
learning. We first begin by investigating of hyperparameter tuning in the context of class
imbalance learning in Section 5.1. Therefore, we introduce the considered scenarios of interest,
studied resampling techniques, performance and data complexity measures, as well as
subsequently present the experimental results, which clearly indicate the beneficial effect of
previous hyperparameter tuning. However, we also acknowledge some associated disadvantages.
Subsequently, in Section 5.2 we report on results of our study on the relationship between data
complexity measures and different resampling techniques.

5.1. Hyperparameter Optimisation for Improving Classification under Class Imbalance

Although the class-imbalance classification problem has caught a huge amount of attention,
hyperparameter optimisation has not been studied in detail in this field. Both classification
algorithms and resampling techniques involve some hyperparameters that can be tuned. We
explore the potential of applying hyperparameter optimisation for automatic construction of high
quality classifiers for imbalanced data. In our research we experiment with a small collection of
imbalanced datasets and two classification algorithms: RandomForest and SVM. In each
experiment we consider six scenarios for hyperparameter optimisation (see Table 1).

Table 1: Six scenarios in our experiments.

Scenario Classification Algorithms Resampling Approaches
(1) A4+ R, Default hyperparameters No

2) A, + R, Optimised hyperparameters No

3) A;+ R, Default hyperparameters Default hyperparameters
“4) A, + Ry Optimised hyperparameters Default hyperparameters
5) A;+ R, Default hyperparameters Optimised hyperparameters
(6) A, + R, Optimised hyperparameters Optimised hyperparameters




5.1.1 Resampling Techniques

SMOTE The synthetic minority over-sampling technique (SMOTE), proposed in 2002, is the most
popular resampling technique [7]. SMOTE produces balanced data through creating artificial data
based on the randomly chosen minority samples and their K-nearest neighbors [7]. A new synthetic
sample x4 can be generated according to the following equation [8]

xs=x;+ 6 (X; — x;),

where x; is the minority sample to oversample, X; is a randomly selected neighbor from its K-
nearest minority class neighbors and & is a random number, where & € [0, 1]. Figure 2 illustrates
how the synthetic samples are created in the SMOTE technique.

ADASYN The adaptive synthetic (ADASYN) sampling technique is a method that aims to
adaptively generate minority samples according to their distributions [9]. The samples which are
harder to learn are given higher importance and will be oversampled more often [S]. The key point
in ADASYN is to determine a weight (#;) for each minority sample and use #; as the sampling
importance. Weight #; of a minority sample X; is defined as [9]
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Figure 2: An illustration of how to generate synthetic samples through
SMOTE. Example of K-nearest minority class neighbors for sample x;
(K=5) (left) and new synthetic samples generated through SMOTE
(right).
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Figure 3: Example of sampling importance for different minority
samples. According to definition, ry = r, =1, r3 = 1, = 0.8 and
7, = T, > 73 =T1,, indicating the sampling importance of sample
X1, Xo is higher than x;, x4 and more synthetic samples will be
produced for x1 ,x,.

where mg is the number of minority samples, A; is the number of neighbors of X; that belong to
majority class. For a specific minority sample, if the value of r; is close to 1, it indicates a high
level of difficulty to learn it. Then, the synthetic samples that will be generated for a minority
sample can be calculated by [9]

gi=T7,G,

where G is the total number of synthetic minority samples that need to be produced. Figure 3 shows
an example of the sampling importance for different minority samples.

SMOTETL and SMOTEENN In a binary classification problem, a Tomek link is defined as a
pair of samples from different classes which are the nearest neighbors for each other [10]. In the
SMOTETL technique, the first step is to oversample the minority classes using SMOTE and then
the Tomek links for the oversampled samples are removed [3]. In other words, the SMOTETL
(Figure 4) technique provides a more clear decision boundary by removing part of the samples in
the overlapping region. Similar to SMOTETL, the first step of SMOTEENN is also to oversample
the minority class with SMOTE. After that, the Wilson's Edited Nearest Neighbors (ENN) are used
to remove the sample who has a different class from at least two of its three nearest neighbors [11].
By removing the noisy samples, SMOTEENN (Figure 5) makes the classification algorithm work
more efficiently.
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Figure 5: Example of removing the noisy samples using ENN.

5.1.2 Hyperparameter Optimisation

The naive approach to imbalanced learning is just to combine resampling techniques and machine
learning classification algorithms. However, compared with randomly selecting the
hyperparameters in a learning algorithm, choosing a set of optimal hyperparameters should
improve the performance of the algorithm.

Within our studies RandomForest and SVM are considered to do the classification and both
algorithms involve various hyperparameters, which affect the performance (e.g., prediction
accuracy) significantly. For instance, in RandomForest, the choice of the depth of a decision tree
and the number of trees in a forest will have an influence on the performance. To determine the
best set of hyperparameters for a given problem/dataset naturally leads to the well-established
hyperparameter optimisation task. The hyperparameter optimisation problem can be represented
by [12]
x* = argmin f (x),
xX€EY

where x can be any combination of hyperparameters in domain y and x* is the set of
hyperparameters that achieve the lowest value of objective function f(x). Typically, it is
expensive to evaluate f(x) directly.



5.1.3 Performance Measures
Accuracy is the most commonly used measure for classification problems. In a binary
classification problem, the confusion matrix (see Table 2) provides an intuitive approach towards

defining accuracy.

Table 2: Confusion matrix for a binary classification problem.

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

Based upon the entries, accuracy (Acc) can be subsequently defined as the sum over all true
positives (TP) and negatives (TN) averaged over the sum of all samples, such that

TP+ TN
TP +FN+FP+TN’

Acc =

However, as mentioned in Section 4.1, accuracy may give a deceptive evaluation and does not
reflect the actual effectiveness of an algorithm in imbalanced domains. In imbalance learning
domain, the Area Under the ROC Curve (AUC) can be used to evaluate the performance [13] [4]
and can be computed by

1+ TP,g — FPrase TP FP

AUC = ,TP =—— FP =,
2 rate ” Tp 4+ FN rate — Fp + TN

where TP, 1s the true positives rate, FP,.4;, is the false positives rate. Apart from the AUC
value, there are also some other measures to assess the performance for imbalanced datasets, such
as geometric mean (GM) [14] and F-measure (FM) [4]. These measures are given by

TP TN (1+ B)? x Recall x Precision
GM = X ,FM = —
TP+FN FP+TN B? X Precision + Recall
R ll = T P ision = TP
ecall = oo Precision = o000,

where B is a coefficient and normally set to 1.

5.1.4 Data Complexity Measures
For these studies only one of the feature overlapping measures, the maximum Fisher's discriminant
ratio is considered. The maximum Fisher’s discriminant, denoted by F1, measures the overlap

between the feature values of different classes and is given by [11]

— m
F1 =max;2, 1y,



where m is the number of features, 'y, is the discriminant ratio for each feature f;. In a binary
classification problems, 1, can be calculated as below [15] [11]:

21 nc(l’—]cri - llfi)z

21
2 ne fi
c=1 Zj=1(x1€ K )

fi

where n, is the number of examples in class c, p.ii is the mean value of feature f; across class c,
ufi is the mean value of feature f; across all classes, and Xj represents the value of feature f; for
a sample from class ¢ [11]. F1 measures the highest discriminant ratio among all the features in
the dataset and higher discriminant ratio indicates lower complexity [11]. An example of F1
computation is given in Figure 6.
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Figure 6: Example of F1 computation for a binary dataset [11].

5.1.5 Experimental Setup and Results

The experiments reported here are based on six imbalanced datasets from the KEEL-collection
[6]. Detailed information on the datasets are shown in Table 3. IR indicates the imbalance ratio,
which is the ratio of the number of majority class samples to the number of minority class samples.
The overlap between classes is calculated by Maximum Fisher’s Discriminant Ratio (F1). Lower
F1 value indicates higher overlap between classes [5].



Table 3: Information on the datasets.

Dataset #Attributes | #Examples #Classes IR F1

glass1 9 214 2 1.82 0.92
glass6 9 214 2 6.38 0.53
yeast3 8 1484 2 8.1 0.70
yeast4 8 1484 2 28.1 0.91
ecoli3 7 336 2 8.6 0.84
abalonel9 8 4174 2 129.44 0.96

We experiment with six imbalanced datasets, two algorithms and four resampling techniques.
Thus, in our experiment, we have 6X2X5 = 60 settings tested on each data set, with 6 scenarios, 2
classifiers, and 5 resampling approaches (including none).

The hyperparameter optimisation for classification algorithm is done through HyperOpt.
Hyperparameters in resampling approaches includes the number of neighbors, imbalance ratio
after resampling and etc. In our experiment, hyperparameter optimisation for resampling
approaches is done through grid search. Whenever we optimise hyperparameters with “HyperOpt”,
the AUC loss (1-AUC) is set as the objective function to minimize and the number of iterations is
set to 500. For each experiment, we repeated 30 times with different random seeds. After that, the
paired t-tests were performed on each 30 AUC values to test if there is significant difference
between the results of each scenario on a 5% significance level.




Table 4: Experimental results (AUC) for two classification algorithms regarding six scenarios.
The grey shade and no shade indicate the experimental results for SVM and RandomForest
respectively. p-values indicate the statistical evidence of t-tests between experimental results of
scenario (A, + R,) and (A4 + Ry). Dataset with * indicates the results of scenario (A, + R,) is
significantly higher than results of scenario (Ag + Ry).

Resampling Approaches (SVM vs. RandomForest)

Scenarios Dataset NOME SMOTE ADASYN SMOTETL SMOTEENN
Ag + Ry, 0.6753  0.8301 — e — —_ — — — —
A+ Bn (L8309 0.8345 — a5 — iy — = — -
Ag+ g — — 07163 0.8401 0.7233 L.B456 0.7416 0.8420 0. 7484 08126
A+ Hg  glass1* — — QLH360 [1.8537 0.8300 0.8527 (.8423 0.8470 0.8435 (.8278
Ag + He — — 07322 0.8509 0.7370 08498 0.7437 08463 0.7518 08216
Ao + Rs — — QL8508 0.8649 0.8592 0.8631 0.8650 0.8527 0.8673 0.8379
p-value —_ i < 0,05 0.0060 < 0.05 0.0133 < 0.05 0.0022 < 0.05 0.0100
Ag+ R, D.9768  (,98K4 — e — = — = —= s
Ap 4+ Hu 09848  0.0892 — — —_ —

Ag + Ry 0.9749 0.9862 0.9727 0.9849 09768 0ORE0 0.9761 09870
Ao+ Ry glassé —_ — 0.9807 0.9893 0.9787 0.9877 09832 09886 0,9840 09883
Ay + R, — — 0.9796 0.9888 0.9744 09870 0.9803 0.9896 0,9795 0.99405
As + s — —_ (LORS0 (L9897 (L9833 {1L9HK3 [LUBRA] 0.94917 (L.Y857 0.899110
p-value — — L0e3 (L1633 (L1819 L1166 0.3067 0.1513 (L0603 L1274
Ag + Hp 00688 09624

Ao + Bn 09712 0.9700 — — — — — — — —
Ay + Ry — — 09642 0.9662 0.9601 0.9670 0.9659 0.9633 0.9649 0.9693
As + Iy yeastd — — (L9663 (L9731 (1.9655 08727 0.9701 9064 LYERY (.49743
Ag + Ry — — L9671 (1.96493 (.9628 (L9696 (bas4 O.9705 (19668 0.49722
Ap+ Ro —_ 0.9704 0.9759 0.9683 09756 0.9733 0.9742 0.9716 09787
p-value — — 0.3800 0.1529 0.1256 0.0567 06166 0.0585 0.2084 0.0573
Ay + Ry, 08479  0.9211 — — — — — — — —
A St (L8730 (.0380 = = = 2 — - = =
Ag + Ry — — 0L.9025 (1.9165 (1. 8008 08123 09019 0.9257 (.9079 09237
Ao+ Rg  yeastd* — — 09132 0.9300 0.0076 0.9203 0.9089 09312 0.9093 0.9327
Ag+ Ry — = 0.9098 0.9345 0.9059 0.9319 0.9102 0.9327 0.9122 0.9201
As + Ra = — 0.9178 0.9393 0.9103 .9348 09147 .9389 01,9201 049364
p-value = — < 0.05 0.0073 0.0133 L0013 000461 0.0036 0.0385 00355
Az + Hy (L9540  0.0350 — — — — — — — —
Ao + R 09551 0.9535 — - — — — — — —
Ag+ Ry — - 09528 0.9310 0.9505 01.9303 0.9508 0.9300 0.9514 0.9329
As+ Ry ecolid — — L9559 0.9338 0.9519 1.9395 .95449 0.9384 01,9529 .9385
Ag + Ry = — 09562 09419 0.9528 01,9396 9569 0.9417 (L9571 09416
Ay + Ry = — (L9581 0.9432 0.0543 0.9407 0.9573 0.9444 0.0598 0.9450
p-value — — 0.4507 0.1337 0.3408 0.1532 0.4436 0.0773 (1.3596 0.0575
Ag + Ry, 07373 07239 - — — — — — - —
AR L7687  (LEOTT i s L= o = T — T
Ag + My — — (L8051 0.7934 (0.8033 0.74971 (L8051 (.7946 (1. 8060 (.8034
Ag 4 Ry abalone 19* — 08478 0.8328 0.8484 0.8347 0.8473 0.8331 (0. 8496 (.8305
Ag+ R, — (LEOER 0.8005 0.8007 0.8023 0.80809 08077 0L.E108 0.8000
As+ Ro — — 08494 0.8389 0.8503 0.8402 0.8488 0.8391 08511 08414
p-value = — < 005 <005 =005 <005 <005 <005 =005 <005

For all the six datasets in our experiment (experimental results shown in Table 4), we observe that
optimising the hyperparameters for both classifiers and resampling approaches gives the best
performance. Nevertheless, the time consumption caused by hyperparameter optimisation is not
negligible. Our experimental results also demonstrate that significant improvement :can. be



achieved by performing hyperparameter optimisation for datasets with high F1 values. That is to
say, hyperparameter optimisation works efficiently for datasets with low overlap between classes.

5.2. Relationship between Data Complexity and the Choice of Resampling Techniques

Although over 90 sampling approaches have been developed in the imbalance learning domain,
most of the empirical study and application work are still based on the “classical” resampling
techniques. We setup several experiments on 19 benchmark datasets are set up to study the
efficiency of six powerful oversampling approaches, including both “classical” and new ones. We
also perform the experiments on our real-world inspired vehicle mesh dataset, which has been
detailed introduced in deliverable D1.2.

5.2.1 Resampling Techniques
The six resampling techniques can be categorized into two groups:

e C(lassical ones: which focus on the local information, including SMOTE, ADASYN and
MWMOTE (the first two has been introduced in Section 5.1.1).

e New ones: which consider the minority class distribution, including RACOG, wRACOG
and RWO-sampling.

MWMOTE Compared to other oversampling techniques, the majority weighted minority
oversampling techniques (MWMOTE) improves the sample selection scheme and the synthetic
sample generation scheme [16]. MWMOTE first finds the informative minority samples (Simin)
by removing the “noise” minority samples and finding the borderline majority samples. Then,
every sample in S;,,,;n 1S given a selection weight S,,,, according to the distance to the decision
boundary, the sparsity of the located minority class cluster and the sparsity of the nearest majority
class cluster. These weights are converted in to selection probability (S,), which will be used in
the synthetic sample generation stage. Different from the k-NN-based approach, MWMOTE
adopts a clustering algorithm to generate the synthetic samples. The cluster-based synthetic sample
generation process proposed in MWMOTE can be described as, 1). cluster all samples in S;,in
into M groups; 2). select a minority sample x from S;;;,, according to S, and randomly select
another sample y from the same cluster of x; 3). use the same equation employed in k-NN-based
approach to generate the synthetic sample; 4). repeat 1) — 3) until the required number of synthetic
samples is generated.

RACOG and wRACOG The oversampling approaches can effectively increase the number of
minority class samples and achieve a balanced training dataset for classifiers. However, the
oversampling approaches introduced above heavily reply on local information of the minority
class samples and do not take the overall distribution of the minority class into account. Hence,
the global information of the minority samples cannot be guaranteed. In order to tackle: this



problem, Das et al. [17] proposed RACOG (RApidy COnverging Gibbs) and wWRACOG
(Wrapper-based RApidy COnverging Gibbs).

In these two algorithms, the n-dimensional probability distribution of minority class is optimally
approximated by Chow-Liu's dependence tree algorithm and the synthetic samples are generated
from the approximated distribution using Gibbs sampling. The minority class data points are
chosen to be the initial values to start the Gibbs sampler. Instead of running an “exhausting”™
long Markov chain, the two algorithms produce multiple relatively short Markov chains, each
starting with a different minority class sample. RACOG selects the new minority samples from
the Gibbs sampler using a predefined lag and this selection procedure does not take the
usefulness of the generated samples into account. On the other hand, WRACOG considers the
usefulness of the generated samples and selects those samples which have the highest probability
of being misclassified by the existing learning model [17].

RWO-Sampling Inspired by the central limit theorem, Zhang et al. [18] proposed the random
walk oversampling (RWO-Sampling) approach to generate the synthetic minority class samples
which follows the same distribution as the original training data. Given an imbalanced dataset with
multiple attributes, the mean and standard deviation for the ith attribute a; (i € 1,2, 3, ..., m) in
minority class data can be calculated and denoted by p; and o;. Under the central limit theorem,
as the number of the minority samples approaches infinite, the following formula holds

M — K
—— > N(0,1),
o;/vn

where p; and o is the real mean and standard deviation for attribute a;.

In order to add m synthetic examples to the n original minority examples, we first select at random
m examples from the minority class and then for each of the selected examples X = (X1, ..., Xp)
we generate its synthetic counterpart by replacing a;(j) (the ith attribute in x;,j € 1,2, ..., m) with

W — 1; - 0;/+/n, where g; and o; denote the mean and the standard deviation of the ith feature
restricted to the original minority class, and r; is arandom value drawn from the standard Gaussian
distribution. We can repeat the above process until we reach the required amount of synthetic
examples. Since the synthetic sample is achieved by randomly walking from one real sample, this
oversampling is called random walk oversampling.

5.2.2 Data Complexity Measures

For the data complexity measures in binary classification problems, the measures can be divided
into feature overlapping measures, measures of the separability of classes and geometry,
topology and density of manifolds measures [11] [19]. Among these measures, we consider feature
overlapping measures and linearity measures in this part of research (Table 5), where the former
characterize how informative the features classify the classes and the later ones try to quantify the
linear separability of the classes [11].



Table 5: Complexity measures information. “Positive” and “Negative” indicate the positive and
negative relation between measure value and data complexity respectively.

Measure Description Complexity
F1 Maximum Fisher’s Discriminant Ratio Negative
Flv The Directional-vector Maximum Fisher’s Discriminant Ratio  Negative

F2 Volume of Overlapping Region Positive

F3 Maximum Individual Feature Efficiency Negative

L1 Sum of the Error Distance by Linear Programming Positive

L2 Error Rate of Linear Classifier Positive

L3 Non-Linearity of a Linear Classifier Positive

Feature Overlapping Measures Detailed information on F1 has been given in Section 5.1.4.
F1v is a complement of F1 and a higher value of F1v indicates there exists a vector that can
separate different class samples after these samples are projected on it [20]. F2 calculates the
overlap ratio of all features (the width of the overlap interval to the width of the entire interval)
and returns the product of the ratios of all features [20]. F3 measures the individual feature
efficiency and returns the maximum value among all features.

Linearity Measures L1 and L2 both measure to what extent the classes can be linearly
separated using an SVM with a linear kernel [20], where L1 returns the sum of the distances of
the misclassified samples to the linear boundary and L2 returns the error rate of the linear
classifier. An example of L1 and L2 computation is given in Figure 7. L3 returns the error rate
of an SVM with linear kernel on a test set, where the SVM is trained on training samples and the
test set is manually created by performing linear interpolation on the two randomly chosen
samples from the same class.
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Figure 7: Example of L1 and L2 computation for a binary dataset.



5.2.3 Experimental Setup and Results

The experiments in this part of the report are based on 19 two-class imbalanced datasets from the
KEEL-collection [6] and six powerful oversampling approaches (using R package imbalance
[21]), which have been reviewed in the past sections. Every collected dataset is divided into 5
stratified folds (for cross-validation) and only the training set is oversampled, where the stratified
fold is to ensure the imbalance ratio in the training set is consistent with the original dataset and
only oversampling the training set is to avoid over-optimism problem [5]. The 19 collected datasets
can be simply divided into 4 groups, ecoli, glass, vehicle and yeast (Table 6).

Table 6: Information on datasets in 4 groups.

Datasets #Attributes | #Samples Imbalance Ratio (IR)
ecoli{1,2,3,4} 7 336 { 3.36, 5.46, 8.6, 15.8 }
glass{0,1,2,4,5,6} 9 214 {2.06,1.82,11.59, 15.47,22.78, 6.38 }
vehicle{0, 1, 2, 3,} 18 846 {3.25,2.9,2.88,2.99 }
yeast{1,3,4,5, 6} 8 1484 {2.46,8.1,28.1,32.73,41.4 }

We aim to study the efficiency of different oversampling approaches and investigate the
relationship between data complexity measures and the choice of oversampling techniques.
Therefore, we need to calculate the 7 data complexity measures (shown in the previous section)
for each dataset. In our 30 experiments for each dataset, we calculate the 7 data complexity
measures for every training set using R package ECoL [21]. Since we use 5 stratified cross-
validations, we average each data complexity measures for these 5 training sets and make it the
data complexity measure for the dataset.

Table 7: AUC results for C5.0 decision tree.

Dataset|Baseline| SMOTE|ADASYN | MWMOTE | RACOG|wRACOG| RWO
ecolil 0.9408 0.9428 0.9342 0.9414 0.9453 0.9384 0.9432
ecoli2 0.8736 | 0.9190 0.9102 0.9112 0.9133 0.8987 0.9143
ecoli3 0.7765 0.9170 0.9013 0.9049 0.9204 0.8648 0.9126
ecoli4 0.8403 | 0.9271 0.8832 0.9235 0.9244 0.8896 0.9020
glassO 0.8179 0.8328 0.8254 0.8345 0.8470 0.8391 0.8364
glassl 0.6995 0.7391 0.7440 0.7473 0.7588 0.7493 0.6944
glass?2 0.7309 0.8189 0.8201 0.7995 0.8159 0.7960 0.7125
glass4 0.8461 0.9227 0.9203 0.9126 0.9216 0.8542 |0.9252
glass5 0.9950 0.9927 0.9931 0.9935 0.9940 0.9952 0.9932
glass6 0.9341 0.9357 0.9306 0.9385 0.9388 0.9386 0.9354

vehicleO | 0.9722 0.9730 0.9736 0.9723 0.9737 0.9739 0.9679

vehiclel | 0.7430 0.7993 0.7916 0.7977 0.7970 0.8000 | 0.7738

vehicle2 | 0.9735 0.9722 0.9748 0.9757 0.9803 0.9815 0.9766

vehicle3 | 0.7858 0.8001 0.7954 0.8115 0.8158 0.8117 0.7907
yeastl | 0.7318 0.7380 0.7282 0.7473 0.7536 0.6766 0.7279
yeast3 | 0.9335 0.9594 0.9580 0.9602 0.9642 0.9551 0.9422
yeast4 | 0.7769 | 0.9020 0.8989 0.8884 0.8549 0.8142 0.8367
yeast5 | 0.9555 0.9769 0.9773 0.9773 0.9761 0.9688 0.9772
yeast6 | 0.7307 0.8792 0.8850 0.8789 0.8806 0.7815 |0.8868




The AUC results for C5.0 decision tree in our experiments are presented in Table 7. In the
experimental results of decision tree, we can observe that RACOG outperforms the other 5
oversampling techniques in 8 out of 19 datasets. It is worth mentioning that RACOG costs more
time than the other five considered oversampling techniques due to the running of Markov chain
in its data generation process. From our experimental results, we can conclude that, in most cases,
oversampling approaches which consider the minority class distribution (RACOG, wRACOG and
RWO-Sampling) perform better. It was expected that data complexity can provide some guidance
for choosing the oversampling technique, however, from our experimental results, no obvious
relationship between data complexity and the choice of oversampling approaches can be
concluded. This is because the 6 introduced oversampling approaches are designed for common
datasets and do not take a specific data characteristic into account.

1. According to our experimental results, although the data complexity measures cannot provide
guidance for choosing the oversampling approaches, we find there is a strong correlation between
the potential best AUC (after oversample) and some of the data complexity measures. From
Error! Reference source not found. below and

Table 8 below, it can be concluded that the potential best AUC value that can be achieved through

(5.0 decision tree and oversampling techniques has an extreme negative correlation with the F1v

value and linearity measures. Compared to literature, only in [22] the authors demonstrate that F1

value has an influence on the potential improvement brought by oversampling approaches.

However, they did not consider the F1v measure. Hence, we recommend using F1v to evaluate

the overlap in imbalanced dataset.
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P Correlation P-value Correlation
Coefficient Level

F1 -0.3872 0.1014 medinm
Flv 0.8928  2.736x1077  extreme
F2 0. 1156 0.6374 noue

F3 -0.7138 0.0006 high

L1 -0.8876 4.013x10°7  extreme
L2 08523 3.611x10-¢  extreme
L3 -0.8699  1.304x107%  extreme

Table 8: Results of hypothesis test
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6. Improving Imbalanced Classification by Introducing Additional Attributes

Although the anomaly detection problem can be considered as an extreme case of class imbalance
problem, very few studies consider improving class imbalance classification with anomaly
detection ideas. Most data-level approaches in the imbalanced learning domain aim to introduce
more information to the original dataset by generating synthetic samples. However, in this part of
research, we gain additional information in another way, by introducing additional attributes. We
propose to introduce the outlier score and four types of samples (safe, borderline, rare, outlier) as
additional attributes in order to gain more information on the data characteristics and improve the
classification performance. The proposed idea of introducing additional attributes is simple to
implement and can be combined with resampling techniques and other algorithmic-level
approaches in the imbalanced learning domain.

In the following, we will first review the related works in Section 4.1, including selected
undersampling techniques, four types of samples in the imbalanced learning domain and the local
outlier factor in the anomaly detection domain. After that, the details on the experiments are
reported, including the experimental setup in Section 4.2 and experimental results and discussions
in Section 4.3

6.1. Related Work

As mentioned above, we propose to introduce two additional attributes into the imbalanced
datasets in order to gain more information on the data characteristics and improve the classification
performance. Introducing additional attributes can be regarded as a data preprocessing method,
which is independent of resampling techniques and algorithmic-level approaches, and can also be
combined with these two approaches. In this section, the background knowledge related to our
experiment is given, including resampling techniques (Section 4.1.1), the definition of four types
of samples in the imbalance learning domain (Section 4.1.2) and the outlier score (Section 4.1.3).

6.1.1 Resampling Techniques

We experiment with two oversampling techniques, including SMOTE and ADASYN (given in
previous section) and two undersampling techniques, including NCL and OSS.

Undersampling Techniques One-Sided Selection (OSS) is an undersampling technique which
combines Tomek Links and the Condensed Nearest Neighbour (CNN) Rule [1] [23]. In OSS, noisy
and borderline majority samples are removed with so-called Tomek links [10]. The safe majority
samples which have limited contribution for building the decision boundary are then removed with
CNN. Neighbourhood Cleaning Rule (NCL) emphasizes the quality of the retained majorityclass
samples after data cleaning [24]. The cleaning process is first performed by removing ambiguous
majority samples through Wilson’s Edited Nearest Neighbour Rule (ENN) [25]. Then, the majority



samples which have different labels from their three nearest neighbours are removed. Apart from
this, if a minority sample has different labels from its three nearest neighbours, then the three
neighbours are removed.

6.1.2 Four Types of Samples in the Imbalance Learning Domain

Napierala and Stefanowski proposed to analyse the local characteristics of minority examples by
dividing them into four different types: safe, borderline, rare examples and outliers [26]. The
identification of the type of an example can be done through modeling its k-neighbourhood.
Considering that many applications involve both nominal and continuous attributes, the HVDM
metric is applied to calculate the distance between different examples. Given the number of
neighbours & (odd), the label to a minority example can be assigned through the ratio of the number

of its minority neighbours to the total number of neighbours (Rmin) according to Table 9. The label
all

for a majority all example can be assigned in a similar way.

Table 9: Rules to assign the four types of minority examples.

Type Safe (5) Borderline (B) Rare (R) Outlier (O}
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all

E.G. given the neighbourhood of a fixed size k=5
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6.1.3 Outlier Score

Many algorithms have been developed to deal with anomaly detection problems and the
experiments here are mainly performed with the nearest- neighbour based local outlier score
(LOF). Local outlier factor (LOF), which indicates the degree of a sample being an outlier, was
first introduced by Breunig et al. in 2000 [27]. The LOF of an object depends on its relative degree
of isolation from its surrounding neighbours. Several definitions are needed to calculate the LOF
and are summarized in the following Algorithm 1.

According to the definition of LOF, a value of approximately 1 indicates that the local density of
data point X; is similar to its neighbours. A value below 1 indicates that data point X; locates in a
relatively denser area and does not seem to be an anomaly, while a value significantly larger than
1 indicates that data point X; is alienated from other points, which is most likely an outlier.



Algorithm 1: Local outlier factor (LOF) algorithm [27].

Input : X - input data X = (Xq1,...., A}
n - the number ol input examples
k - the number of neighbours
Output: LOF score of cvery X
1 initialization:
2 caleulate the distance d{-) between every two data points;
3 fori—=1tondo
4 caleulate b-distance(XN;): the distance between X; and its kih neighbour;
5 find out k-distance neighbourhood Ng(X;): the set of data points whose
distance from X, is not greater than k-distance(X;};

G for j =1 to n do
) calculate reachability distance:

reach-disty (X, Xj) = max{k-distance(X;), d(X;. X;) )}
8 calculate local reachability density:

Irdp (X)) = L/avg-reach-dist;(X,)

_ 1y ( ZUE_M;_.{X‘; , reach-disty (X, X;) )
| Ve (X))

1

intnitively, the local reachability density of X, is the inverse of the
average reachability distance based on the E-nearest neighbours of X,
] calculate LOE:

2 oe Ny, el X;)

LOFk(X:) = 5 =
L INE(X:)| - Irde(Xs)

.['F‘ti;‘{f(—j]
- EHE-"'"H Xi) Irdy(Xg)
| Ve (X5) |

the LOF of X; is the average local reachability density of X;'s
k-nearest neichbours divided by the local reachability density of X;.

10 end
11 end




6.2. Experimental Setup

In this part of research, we propose to introduce the four types of samples and the outlier score as

additional attributes of the original imbalanced dataset, where the former can be expressed as Rmin
all

and the latter can be calculated through Python library PyOD [28]. The experiments reported here
are based on 7 two-class imbalanced datasets, including 6 imbalanced benchmark datasets (given
in Table 10) and a 2D imbalanced chess dataset, which is commonly used for visualizing the
effectiveness of the selected techniques in the imbalanced learning domain [1]. For each dataset,
we consider four scenarios, whether to perform resampling techniques on the original datasets and
whether to perform resampling techniques on the datasets with additional attributes. For each
scenario of each dataset, we repeat the experiments 30 times with different random seeds. After
that, the paired t-tests were performed on each of the 30 performance metric values to test if there
is significant difference between the results of each scenario on a 5% significance level. Each
collected dataset is divided into 5 stratified folds (for cross-validation) and only the training set is
oversampled, where the stratified fold is to ensure that the imbalance ratio in the training set is
consistent with the original dataset and only oversampling the training set is to avoid over-
optimism problem [S].

Table 10: Information on benchmark datasets [6].

Datasets |#Aftrihnt9:'-:|#Hmnplr‘rr‘-|Imlmlnnmﬁ Ratio (IR)

glassl | 0 | 214 | 1.82

336

(J'rh'l-;j' | Ki

vehicle | | 15 246

e e,.'-'rrrl"i.",r,l| 11 [ 5O

| |
| |
yeast{ | 8 | 1481 | 28.1
| |
|  B472 |

Pt f_urr.l.' .‘l. | |”

6.3. Experimental Results and Discussion

Like other studies [9] [4], we also use SVM and Decision Tree as the base classifiers in our
experiments to compare the performance of the proposed method and the existing methods. Please
note that we did not tune the hyperparameters for the classification algorithms and the resampling
techniques [22]. The experimental results with the two additional attributes (four types of samples
and LOF score) are presented in Table 11. We can observe that introducing outlier score and four
types of samples as additional attributes can significantly improve the imbalanced classification
performance in most cases. For 5 out of 7 datasets (2D chess dataset, glassl, yeast4, wine quality
and page block ), only introducing additional attributes (with no resampling) gives better results
than performing resampling techniques.



Table 11: Experimental results for two classification algorithms (with LOF score). “Add = YES"
means we introduce additional attributes to the original datasets. “---" means TP+FN=0 or
TP+FP=0 and performance metric cannot be computed.

ID chess datased
Decision Tree SVAL
Melhogs:) -4 AUC | Precision | Recall | F1 | Gmeam | AUC | Precision | Recall |  Fl1 | Gmean
—— NO 0.8482 0.5743 0.6992 | 06208 | 0.8047 oEms | — — — —
' YES 0.8771 09557 | 00070 | 09226 | 0.9469 0.9859 09846 0.9485 | 0.9643 0.9723
EMOTE " ND 0.3584 0.6422 0.7102 | 0.6646 | 0.8183 0.59821 | 0.1636 0.5004 | 0.2437 | 03855
YES | 0574 | 09191 | 08061 | 09064 | 09453 | 09933 | 05633 | 09667 | 09612 09801
apagnd| N9 0.8482 0.5743 06002 | 06208 | 0.8047 0.6171 01434 0.5904 02200 | 05892
g YES | 0577 0.9557 09070 | 09226 | 05469 | 09925 | 0EBSM6 | 09667 | 0.8999 0.9721
MOL NO 0.2786 01245 0.6652 | 02002 | 0.5541 0.5200 | 01076 | 04212 | 0643 | 04802
YES 0.971% 08542 | 00667 | 0E0EE | 09716 00946 09119 | 09667 | 09337 09766
NO 0.7569 0.4197 0.5227 | 04554 | 0.6813 0.6262 03050 | 00298 0.083%5 | 00058
oSS YES 0.9743 09321 00391 | 09316 | 09640 0.9937 00532 | 09364 | 0.9%24 09745
glass] dataset
Decision Tree SV
Methods | Add | e Precision | Recall | F1 | Gmean | AUC | Preciion | Recall | FI | Gmean
DG NG 0.7029 0.6000 0.6235 | 0604 | 06306 0.6779 0.6304 0.5533 0.5828 | 0.6633
YES 0.7328 06283 | 06344 | 06227 | 0.6956 07779 | 06506 | 065917 | 0.6430 | (.7089
S NGO 0.7008 0.5750 06561 06060 | 06782 0.7140 05125 0.7236 | 0.478% | 04111
i YES | 07508 | 06363 | 06088 | 06580 | 07273 | 0288 | 06537 | 08302 | 0.7360 | 07760
Py 0.708% 0.5922 06728 | 06187 | 06842 0.7338 0.515¢ | 0.7982 | 0.6103 | 0.6271
YES 0.7799 06614 | 07106 | 06780 | 07419 | 08388 | 06545 | 08996 | 07456 | 0.7E4S
e NO 0.5926 0.4401 09302 | 0.5843 | 03761 0.6750 | 04124 10000 | 05765 | 02177
YES | 05897 | 03976 | 00239 | 05527 | 03806 | 07790 | 04299 | 10000 | 0ispaE | 03403
G NO 0.7010 0.5685 0.6841 0.6132 | 0.6804 0.6810 | 05850 | 0.5837 | 05683 | 0.6444
YES 0.7611 06342 | 07136 | 06637 | 0.7298 0.7784 | 06085 | 07382 | 08%43 | o728
ecolid dataset
Decision Tree SVAL
Methads, | -Ad8 AUC | Precision | Recall F1 Gmiean AUC | Prechion | Recall F1 Gmean
P NO 0.8436 0.7241 0.6433 I 0.6432 | 0.7694 0.9918 08888 | 0.8000 | 0.7993 | 0.8797
YES 0.8525 0.6435 0.6017 | 05734 | 0.6920 09850 | 00143 | 07500 | 07835 | o0.8s12
e 0.5824 0.7938 0.7233 | 0.7102 | 08328 | 09804 05190 | 0.8000 | 0.7368 | 08457
: YES | 08629 |TO8SIST| 07300 1072637 08303 | 09931 TS| 08500 | 0.8881 | 09658
e 0.571% 0.8407 07083 | 07221 | 0.8236 0.9903 07813 0.8000 | 0.7034 | 0.8389
YES | 0.5747 | o7Esd | 06m7 | 06623 | o7a2z | os9sas | 0EE00 | 09500 | oisEsT | osed
ey NO 0.8007 0.6080 0.6333 | 05651 | 0.7380 0.9868 08258 0.9000 | 0.7886 | 0.3976
: vEs | 08833 | 07297 | 07550 | 0409 | 07982 | oools | 08833 | 00800 | 08556 | 09549
SBE NO | 08398 | 06284 | 0.7250 | 05958 | 07872 | 05877 | 08458 | 0.8133 | 0.7580 | 08665
vEs | 00115 | 06858 | 08350 | 06787 | 08586 | ossen | 08830 | 09117 | 08626 | 0.9408
wvehiclel dataset
Decision Tree SV
Metuods:| ~AdQ AUC | Precision | Recall | F1 | Gmean | AUC | Precision | Reeall | Fl1 | Gmean
SONE NO 0.6695% 0.5018 0.4301 04575 | 0.6004 0.5673 07074 | 03593 04747 | 0.5524
5 YES 0.7385 0.5855 0.5329 | 0.5573 | 0.6794 0.9081 0.6873 0.6266 | 0.6536 0.7500
sihioTe | MO 0.7241 0.5308 05557 | 05458 | 0.6796 0.3945 0.3338 09237 | 0.6813 | 08264
g YES 0.7403 0.5825 0.5704 | 0.6938 09204 | 05808 | 09745 | 07272 08582
ADABYN No | o2 0,530 0.5446 | 06791 0.590% 0.5485 0.9465 0.6037 | 0.8303
CYES | 07481 05842 | os7ee | osmr | ooz 09206 03800 | 09800 | 07284 03507
NeL NO 0.7411 0.4153 05506 | 05768 | 07093 0.8411 | 04108 09768 | 05776 | 0.7039
YES 0.7781 0.4560 09392 | 06118 | 0752 08752 | 035076 | 10000 | 0678 | 08139
TNO | 07128 04857 | 06066 | 05370 | 06837 08702 0.5745 0.7014 0.6203 | 0.7560 =
043 YES 0.7831 05524 06286 | 05850 | 07174 00062 | 06088 | 09117 | 07300 @ 08518 Lo
yeastd datasel TR ST A
Decision Tree VM LI O TCR
Rty | A AUC | Precision | Recall | F1 | Gmean | AUC | Precision | Recall | F1 | Gmean SRR L BT
S NO 0.6736 03610 0.2217 | 02653 | 04482 0.5460 = — = — £ e
YES 0.8647 08320 | 06708 | 07260 | om132 | o9elo | 0568 0.8036 | 08270 | 0.8920 T RN
o i NOo | o7 o 0.2632 0.4029 | 03082 0.6082 0.9052 02112 | 0.676% | 0.3160 | 0.7773 LN W
: YES 09118 0.7665 oe892 | 07171 | 08238 0.9922 0.7096 | 0.9442 | 08079 09635 i gt e, o
— No | o728 0,2484 03958 | 0.2963 0.6041 09011 | 02061 06901 | 03104 | 07815 R e
YES 05114 07531 | 06553 | 06906 | 08036 | 09923 | 06951 | 09618 | 08051 | 09727 S e e
Riist, NO 0.8176 0.1829 0.6810 | 02002 | 07772 0.9063 02552 0.5745 0.3516 | 0.7256 L R
VES | og7ss | 08™3 | o097z | 07028 | o0e7el | 09917 | 07512 | 00436 | 08337 | oose Sl
e NO 0.7066 2568 0.3561 | 03020 | 0.5713 08485 | 02094 0.0258 | 00447 | 0.07EL '::e-:‘;;‘..ve
YES | 09130 | 07637 | 07699 | 07532 | os7os | osssz | o0sm2 | 0B3%0 | 0830 | osin ;‘,J;&-giggg;:gig-.-




wine quality dataset
Drecision Tree SVA
Methods | AN — T Prociim | ol Fi Cmran | AUC | Procsion | Eecall F1 Gmcan
\ONE NO 05844 01180 | 01278 01132 02817 09790 09883 09113 9333 09828
YES .97 00,9653 09113 09333 9525 1.9944 [.9036 08274 (LETH1
SMOTE | ™o 0.5597 | 0.0643 | 01801 | 0.0930 | ©.3704 0.6935 | 01065 | 04223 | 01680 | 0.5941
YES 0.9685 0.9715 0.8630 | 0.9031 09239 | 0e942 0.8808 0.0055 0.8890 | 0.9488
:.msv\'- ) 0.5601 0.0654 | 01909 | 0.0953 | 0.3500 0.6920 0.1039 04231 | 00650 | 0.5933 |
] oyRe 00850 09706 | 0.8467 | 0.8917 | 08141 0.8844 0.880% 0.0055 0.8888 | 0.0488
e | ™o 05022 | 01037 | 02503 | 01423 | 04817 | 07207 | 0.2582 | 01891 | O.1818 | 03755
pitzs YES 09845 0.8567 00402 = 08940 | 09703 0,603 0.0330 08818 0.8850 | 0.0308
NO 05733 | 00729 | 0.2158 | 0.1054 | 041385 B T = == =
Os% YES 0.985% 0.9636 09818 | 09723 | 09901 0.9941 0.9282 05424 0.9307 | 0.9690
page block dataset
Decision Tree SWAL
e AUC | Precision | Recall | F1 | Gmean | ATC | Precision | Recall | Fl
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2. According to our experimental setup, we notice that introducing the outlier score focuses on
dealing with the minority samples since the outlier score indicates the degree of a sample being an
outlier. Meanwhile, introducing four types of samples (safe, borderline, rare and outlier) puts
emphasis on separating the overlapping region and safe region. The visualisation of different
scenarios for the 2D chess dataset is given in

Figure 9 in order to further study the reason for the performance improvement.

3. From both the experimental results in Table 11 and the visualisation in

Figure 9, we can conclude that, for the 2D chess dataset, the experiment with the two additional
attributes outperforms the experiment with the classical resampling technique SMOTE. The figure
also illustrates that the proposed method has a better ability to handle samples in the overlapping
region.
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Figure 9: [top left]. Original imbalanced 2D chess dataset. [top right]. Classification
performance for original chess dataset. The red-circled points indicate the misclassified points.
[bottom left]. Classification performance for SMOTE-sampled chess dataset. [bottom right].
Classification performance for chess dataset with additional attributes.




7. Summary and Outlook

In this report, two aspects of class imbalance studies have been described: learning data complexity
and improving imbalanced classification by introducing additional attributes. We provided details
on hyperparameter optimisation on class imbalance classification and studied the empirical
investigation on several state-of-the-art resampling techniques. The extended work on Section 3.2
“a potential application on the real-world inspired imbalanced vehicle mesh dataset” has already
been introduced in the previous deliverable (D1.2). We reported the experimental results on the
proposed idea of improving imbalanced classification by introducing additional attributes. The
main conclusions that can be derived from our studies can be summarized as below:

e Oversampling techniques that consider the minority class distribution (new ones) perform
better in most cases and the F1v value, a measure for evaluating the overlap which most
researchers ignore, has a strong negative correlation with the potential AUC value.

e Applying hyperparameter optimisation for both classification algorithms and resampling
approaches can produce the best results for classifying the imbalanced datasets.
Furthermore, data complexity, especially the overlap between classes, has a big impact on
the potential improvement that can be achieved through hyperparameter optimisation.

e Introducing additional attributes can improve the imbalanced classification performance in
most cases. Further study shows that this performance improvement is mainly contributed
by a more accurate classification in the overlapping region of the two classes (majority and
minority classes)

Future work will cover the application of classifying the mesh prototypes in the car industry and
extend our anomaly detection related work to online learning.
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