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Abstract

When handling imbalanced data classification, traditional Support Vector Ma-
chine (SVM) techniques exhibit low recognition accuracy for minority class sam-
ples. Inspired by the insight that SVM+ technology can leverage hidden infor-
mation among samples, this paper proposes a multi-task learning imbalanced
SVM+ algorithm (MTL-IC-SVM+). MTL-IC-SVM+ formulates imbalanced
data classification as a multi-task learning problem based on SVM+, and start-
ing from correcting the bias of the classification hyperplane, it assigns different
misclassification penalty factors to majority and minority class samples, while
setting the distance from minority class samples to the classification hyperplane
to be greater than that from majority class samples. Experimental results on
UCI datasets demonstrate that MTL-IC-SVM+ achieves high classification ac-
curacy on imbalanced data classification problems.
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Multi-task Learning of SVM+ for Imbalanced Classification

Zhou Guohua' %, Guo Linji*, Yin Xinchun?® * School of Information Engineering
& Technology, Changzhou Institute of Light Industry Technology, Changzhou,
Jiangsu 213164, China; ? College of Information Engineering, Yangzhou Univer-
sity, Yangzhou, Jiangsu 225127, China

Abstract: When learning from imbalanced datasets, traditional support vector
machines (SVMs) exhibit low identification rates for minority classes. Inspired
by the fact that SVM+ can utilize hidden information among samples and
that multi-task learning can improve generalization performance by training
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multiple related tasks simultaneously, this paper proposes a new support vector
machine called multi-task learning SVM+ for imbalanced classification (MTL-
IC-SVM+). MTL-IC-SVM+ incorporates the multi-task learning framework
into SVM+ to handle class imbalance by applying different penalty factors to
the data; specifically, the margin between the hypersphere and the minority class
is made as large as possible. Experiments conducted on several UCI datasets
demonstrate that the proposed method achieves very encouraging results on
imbalanced datasets.

Keywords: imbalanced datasets; support vector machine; SVM+; multi-task
learning; classification

0 Introduction

Support Vector Machines (SVMs) simultaneously minimize structural risk and
empirical risk, and can handle nonlinear recognition problems using kernel tech-
niques. Compared with other machine learning methods, SVMs exhibit good
generalization performance. However, conventional SVMs are only suitable for
balanced classification scenarios. Under imbalanced data conditions, SVMs
tend to pursue high recognition rates for majority class samples to minimize
overall classification error, causing the classification boundary to shift toward
minority class samples and resulting in high misclassification rates for minor-
ity classes. Nevertheless, imbalanced data widely exist in various domains in
practical applications, such as network intrusion detection, image recognition,
information retrieval and filtering, medical diagnosis, and industrial process
detection. Therefore, studying the application of SVMs to imbalanced data
classification is necessary and noteworthy.

Current strategies for handling imbalanced data in SVMs can be divided into
two categories: data sampling-based and algorithm adjustment-based. The for-
mer is represented by oversampling and undersampling algorithms, while the
latter includes cost-sensitive learning, Boosting techniques, and imbalanced en-
semble learning. However, oversampling is prone to overfitting; undersampling
can lead to incomplete data information; the true misclassification cost in cost-
sensitive learning is often difficult to estimate accurately; combining Boosting
with SVMs often involves large computational overhead; and imbalanced en-
semble learning generally optimizes training datasets through iterative methods
without guaranteeing globally optimal solutions.

Recent studies have shown that multi-task learning can significantly improve
the performance of individual task learning through joint learning of multiple
related tasks. Moreover, multi-task learning can effectively utilize task correla-
tions and is therefore particularly effective for classification scenarios with lim-
ited samples. Inspired by this, we propose an imbalanced SVM+ classification
algorithm (multi-task learning based on SVM+ for imbalanced classification,
MTL-IC-SVM+). Vapnik’s SVM+ is built upon the traditional SVM model
but represents slack variables in the form of correction functions to mine hidden

chinarxiv.org/items/chinaxiv-201808.00111 Machine Translation


https://chinarxiv.org/items/chinaxiv-201808.00111

ChinaRxiv [$X]

structural information among samples. Given the high generalization perfor-
mance of SVM+ in single-task learning, this paper builds upon the SVM+
model by assigning different misclassification penalty factors to majority and
minority class samples respectively. Based on the “large margin” strategy, we
set the distance from minority class samples to the classification boundary to
be greater than that from majority class samples. Simultaneously, following the
multi-task learning framework, we formulate imbalanced data classification as
a multi-task learning problem, leveraging effective information among related
tasks to improve the generalization capability of the learned model.

1 SVM+ Algorithm

When dealing with classification problems where the sample sizes of the two
classes differ significantly, the classification boundary often shifts toward minor-
ity class samples to achieve low overall misclassification rates. To improve SVM
performance and reduce the number of training samples required, the SVM+ al-
gorithm introduces sample structural information into the SVM model. Unlike
conventional SVMs where slack variables are real numbers, SVM+ represents
slack variables as a set of correction functions. Given a sample set and its cor-
responding class labels, the training samples are divided into ¢ groups based on
the coverage range of attribute features. Each group’s samples and labels can
be expressed as {,., ¥, } = {(x;,9;) }ier , Where r represents the group index.
SVM+ uses kernel techniques to map training samples to two different Hilbert
spaces: (1) it maps all training samples to a decision space Z using kernel func-
tion ¢(-), yielding the decision function f(x) = w - ¢(x) + b (where (w,b) are
decision function parameters); (2) it maps training samples to a correction space
Z,. using kernel function ¢,.(-), yielding r correction functions (with (w,,d,.) as
correction function parameters), i.e., §; = w,. - ¢,.(x;) + d,..

All samples in SVM+ are mapped to the same decision space using the same
kernel function, but different groups of samples can be mapped to different
kernel spaces using different kernel functions when mapping to the correction
space. The SVM+ objective function can be expressed as:

) 1 v t t
min - SfwlP+ 23w [P+ CY Y g
r=1

W Wby r=1icT,
st oy, (w-ox,)+b0)>1-¢, iel.,r=1,..,t
gi:Wr'd)r(Xi)—’_dra ieTraT:]-v"'at
>0, ieT,,r=1,..,t

By introducing non-negative Lagrange multipliers «; and j,,, the dual problem
of SVM+ can be expressed as the following quadratic programming problem:
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By solving the above formulation, the SVM+ decision function can be obtained:

N
f(x) = Zaiyi¢(xi) (%) +b

2 Multi-task Learning of SVM+ for Imbalanced Classifica-
tion (MTL-IC-SVM+)

2.1 Objective Function Construction

From Equation (2), it is evident that the SVM+ algorithm minimizes training
sample misclassification in its objective function, i.e.,

1 1
WZ@*‘ﬁZ@

iENT ieEN—

where Nt and N~ represent the number of minority and majority class samples,
respectively; v* and v~ are two positive constants used to adjust the misclassi-
fication ratio between the two classes; and constant p ensures that the distance
from minority class samples to the classification boundary is greater than that
from majority class samples.

The characteristic of multi-task learning is that data from multiple tasks gener-
ally belong to different but related data domains. This paper treats each data
group in SVM+ as a subtask, naturally transforming SVM+ into a multi-task
learning model. Following the idea of multi-task learning methods, the decision
models of multiple subtasks should be similar, minimizing global differences
among learners while maintaining local optimization of each sub-learner. In
this case, each subtask’s decision function f, can be expressed as the sum of
a common decision function g, and a correction function g,: f. = gy + g,
Specifically, the decision function f, can be written as:

fr(x) =w- (b(X) +b+ W ¢r<x) + d'r‘
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Based on the above analysis, the objective function of the MTL-IC-SVM+ al-
gorithm is given as:

v ~ [ of 3¢, §
min f||W||2 E [w,.[1* + E : N ¢
w, W, b,d, my e my e

s.t. yz<w (Xi) + b + w,. - (br(xi) + dr) Z 1— §Ti7 i€ Tr
y](w¢<xj)+b+w’l“¢T(xj)+d)21+p fr]? jGTr
>

where m;” and m;. represent the number of minority and majority class samples
in the r-th subtask, respectively, with varying data scales across subtasks; v;
and v, are regularization constants corresponding to minority and majority
classes in the r-th subtask; constant p ensures that the distance from minority
class samples to the classification boundary is greater than that from majority
class samples; and -y is the weight between the decision function and the related
correction functions. §,; and &.; denote the slack variables for minority and
majority class samples in the r-th subtask, respectively.

To further elaborate on the mechanism of the above optimization objective
function, the following analysis and explanations are provided:

a) The MTL-IC-SVM+ algorithm ensures optimal learning for each subtask
while considering the similarity and consistency among these r subtasks
to obtain beneficial inductive information across different tasks. The
term Zizl |w,.|? in the objective function represents the difference among
subtasks—the larger its value, the greater the differences among tasks; con-
versely, the smaller the value, the smaller the differences. The degree of
penalty is adjusted using parameter ~.

b) The kernel functions used in the common decision function and correction
functions can be the same or different. Regarding kernel function selection,
this paper provides detailed information in the experimental section.

¢) Referring to SVM+’s method of grouping attribute features to generate
subtasks, it is easy to see from Equation (17) that the time complexity of
MTL-IC-SVM+ in dual form is O(N?), which reduces to O(N?) if solved
using the SMO method.

d) In the SVM+ objective function, slack variables are represented as cor-
rection functions. Since slack variables must be non-negative, correction
functions must also be greater than or equal to 0. However, in the MTL-IC-
SVM+ algorithm, correction functions represent the degree of difference
among tasks, and therefore need not be constrained to be greater than 0.

By introducing Lagrange vectors o and 3, the Lagrangian function correspond-
ing to Equation (9) can be written as:
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Substituting Equations (11)-(16) into (10) yields the dual form of Equation
(10):
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2.2 v-Property Analysis

This section discusses the relationship among parameters v, v;, and v, in the
MTL-IC-SVM+ model and their impact on training accuracy. According to
SVM theory, a training sample x; is called a misclassified sample if its corre-
sponding slack variable &, > 0. Let n;" and n, denote the number of misclassified
minority and majority class samples in the r-th subtask, respectively, and let
s and s, denote the number of support vectors in the minority and majority
classes in the r-th subtask, respectively.

Theorem 1. v /m; and v, /m, are the upper bounds of misclassification
rates and lower bounds of support vector sets for minority and majority classes,
respectively, i.e.:

+
5 n v 5
7:’» g ”’+ g ’I"+ , T_ g ’I”_ g 7”_
mi — mi T m m; — m,; ~ m,;
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Proof. The second constraint term in Equation (17) is ), e O
ing to KKT conditions, all samples satisfy «; > 0. From the third constraint
term in (17), each misclassified sample in the minority class of each task satisfies
&,.; > 0, which according to KKT conditions yields ,; = 0. Furthermore, from
Equation (17), the Lagrange multiplier for each task satisfies ; + 8,; = v, /m;".

Summing these «; values gives:

= v, . Accord-

> =g <
a; = ——ng < v
€Tt My
Combining Equations (19) and (20) yields the inequality n}/m} < v}/mf. A
similar method can be used to prove v /m;} < s}/m}. The same reasoning
applies to the majority class.

3 Experiments and Analysis

Following common practice in imbalanced classification problems, the minority
class is designated as the positive class and the majority class as the negative
class in our experiments. To evaluate the performance of MTL-IC-SVM+, exper-
iments are conducted from two perspectives: a) experiments on kernel selection
for decision and correction functions; and b) comparative experiments with re-
lated imbalanced algorithms. The proposed algorithm is compared with SVM,
SVM+, DEC, EasyEnsemble, and AdaBoost. Among these five algorithms,
SVM serves as the baseline; DEC, EasyEnsemble, and AdaBoost are all imbal-
anced classification algorithms. This comparison validates that our proposed
algorithm achieves comparable or even higher accuracy than other state-of-the-
art imbalanced algorithms. All algorithms are implemented in MATLAB2010b,
with SVM implemented using the LIBSVM software.

3.1 Experimental Setup

To reflect the impact of different degrees of imbalance on algorithm performance,
we adopt the G-mean metric to evaluate classification performance:

G-mean = \/ Positive Accuracy x Negative Accuracy

where Positive Accuracy is the classification accuracy of positive (minority)
class samples and Negative Accuracy is the classification accuracy of negative
(majority) class samples. The G-mean metric is widely used for imbalanced data
classification because it simultaneously considers the classification accuracy of
both majority and minority classes.

Following the methods in references [15,20], we generate several multi-task learn-
ing scenarios by grouping attributes. Given that medical datasets often exhibit
class imbalance, this section evaluates MTL-IC-SVM+ on four UCI medical
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datasets: Statlog Heart Disease (Heart), Pima Indians’ Diabetes (Pima), Hep-
atitis, and BUPA Liver (Liver).

The Heart dataset contains 13 features. In experiments, we randomly select
40 positive class samples and 150 negative class samples to form a dataset of
190 samples, with a positive-to-negative class ratio of 4:15. First, Multi-task
Learning A divides the dataset into three subtasks based on the distribution
range of the feature ‘age’: Subtask 1 (age < 50, 60 samples), Subtask 2 (50 <
age < 60, 66 samples), and Subtask 3 (age > 60, 64 samples). Second, Multi-
task Learning B on the Heart dataset divides the dataset into two subtasks
based on the feature ‘sex’: Subtask 1 (sex = 0, 47 samples) and Subtask 2 (sex
= 1, 143 samples).

The Pima dataset contains 768 samples with 8 features, with a positive-to-
negative class ratio of 67:134. Multi-task Learning A on the Pima dataset
divides the dataset into three subtasks based on ‘age’: Subtask 1 (age < 25,
267 samples), Subtask 2 (26 < age < 39, 294 samples), and Subtask 3 (age >
40, 207 samples). Second, Multi-task Learning B divides the dataset into three
subtasks based on the feature ‘diabetes pedigree function’ (pedigree): Subtask 1
(pedigree < 0.25, 205 samples), Subtask 2 (0.25 < pedigree < 0.5, 286 samples),
and Subtask 3 (pedigree > 0.5, 277 samples).

The Hepatitis dataset contains 19 features. In experiments, we randomly select
30 positive class samples and 85 negative class samples to form a dataset of
115 samples, with a positive-to-negative class ratio of 6:17. Two multi-task
learning scenarios are generated on this dataset: Multi-task Learning A divides
the dataset into two subtasks based on ‘steroid’: Subtask 1 (steroid = 1, 58
samples) and Subtask 2 (steroid = 2, 57 samples); Multi-task Learning B divides
the dataset into two subtasks based on ‘malaise’> Subtask 1 (malaise = 1, 61
samples) and Subtask 2 (malaise = 2, 54 samples).

The Liver dataset contains six features, with a positive-to-negative class ratio
of 29:40 and 345 total samples. Multi-task Learning A is generated based on
the distribution range of the feature ‘drinks number of half-pint equivalents
of alcoholic beverages drunk per day’ (drinks): Subtask 1 (drinks < 17, 112
samples), Subtask 2 (18 < drinks < 36, 111 samples), and Subtask 3 (drinks >
36, 112 samples). Second, Multi-task Learning B on the Pima dataset is based
on the feature ‘sgpt alamine aminotransferase’ (sgpt): Subtask 1 (sgpt < 20,
104 samples), Subtask 2 (21 < sgpt < 30, 113 samples), and Subtask 3 (sgpt >
31, 118 samples).

We use 10-fold cross-validation with the following grid search on the training
set to find optimal parameters: for SVM, SVM+, and our proposed method,
the Gaussian kernel parameter o is searched in [0.1, 0.2, 0.4, 0.6, 1, 1.5, 3],
regularization parameter C' in [0.1, 1, 10, 100], parameter ~ in [0.001, 0.1, 1,
10], parameter v in [10, 30, 50, 70, 90], and parameters v+ and v~ in [0.001,
0.01]. For other comparison algorithms, parameters are set according to their
original papers: in DEC, the parameter C~/C* equals the ratio of majority to
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minority sample sizes; for EasyEnsemble and AdaBoost, the number of weak
classifiers is set to 10.

3.2 Kernel Type Selection in MTL-IC-SVM+

As mentioned earlier, the kernel functions for the decision function and correc-
tion functions in the MTL-IC-SVM+ algorithm are independent and can be the
same or different. We test four combinations of linear and Gaussian kernels,
denoted as M1, M2, M3, and M4, as shown in . The Gaussian kernel parameters
o, and o, are optimized within the experimental range.

To identify suitable kernel types for MTL-IC-SVM+-, we run the four kernel type
combinations on the Heart, Pima, Hepatitis, and Liver datasets, with results
shown in . Reference [3] concludes that SVM with nonlinear kernels generally
outperforms linear kernels on most real-world data. Table 2 shows that the
optimal G-mean values for MTL-IC-SVM+ across all datasets are obtained with
the M4 model, the second-best with M3, and the lowest with M1. Clearly, our
proposed MTL-IC-SVM+ validates this conclusion experimentally. Therefore,
in subsequent experiments, we use Gaussian kernel functions for both decision
and correction functions. It should be noted that different kernel parameters o;
and o, are used for the decision and correction functions.

3.3 Performance Comparison of MTL-IC-SVM+

To evaluate the performance of MTL-IC-SVM+ on imbalanced classification
problems, we compare it with SVM, SVM+, DEC, EasyEnsemble, and Ad-
aBoost on four imbalanced UCI datasets. The experimental results are pre-
sented in . The data reveal:

a) MTL-IC-SVM+ achieves the best G-mean values compared to the five
baseline algorithms across all four imbalanced datasets. Two multi-task
learning scenarios are constructed for each dataset, with results showing
minimal differences, indicating that different attribute features contain
certain sample structural information.

b) SVM and SVM+ do not account for the classification boundary shift
caused by data imbalance. The table shows that these four algorithms
have relatively low Positive Accuracy values, resulting in lower G-mean
values compared to other algorithms.

¢) EasyEnsemble and AdaBoost use oversampling techniques to increase the
number of minority class samples, which can easily cause classifier overfit-
ting due to changes in sample distribution structure. Consequently, these
algorithms achieve lower G-mean values than MTL-IC-SVM+.

To further evaluate the classification performance of MTL-IC-SVM+ under dif-
ferent positive-to-negative class ratios, we modify the four UCI medical datasets
by randomly splitting them into training and test sets. The training set con-
tains 70% of majority class samples and different proportions of minority class
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samples drawn according to {20%, 40%, 60%, 80%}, with the remaining sam-
ples used as the test set. Considering that the two multi-task classification
results in MTL-IC-SVM+ are comparable, we generate Multi-task A on each
dataset following the grouping settings in Section 4.1, with SVM+ grouping
attributes using the same settings as Multi-task A. Parameter selection is still
performed via 10-fold cross-validation. [Figure 1: see original paper] records the
G-mean values of the six algorithms under different positive-to-negative class
ratios on the four imbalanced UCI medical datasets. The results demonstrate
that MTL-IC-SVM+ exhibits excellent classification performance across various
positive-to-negative class ratios for each dataset.

4 Conclusion

The proposed MTL-IC-SVM+ employs a “large margin” mechanism to set the
distance from minority class samples to the classification boundary greater than
that from majority class samples, assigns different misclassification penalty fac-
tors to majority and minority class samples according to sample size propor-
tions, and transforms SVM+’s single-task learning that mines sample hidden
information through grouping into a multi-task learning model to improve the
classification generalization capability. Experiments on four imbalanced UCI
datasets demonstrate that MTL-IC-SVM+ achieves favorable classification per-
formance. It should be noted that this paper does not deeply explore how to
more reasonably select feature attributes as the basis for dividing subtasks, nor
does it investigate whether MTL-IC-SVM+ can effectively handle large sam-
ples and noisy data. MTL-IC-SVM+ still faces challenges in further improving
practicality, which will be the focus of our future research.
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