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Abstract. An unequal sampling of classes in imbalanced datasets may
lead to overfitting the model towards the majority class. Moreover, espe-
cially in probabilistic classifiers, the lack of prior probability compensa-
tion may negatively impact the classification of the minority class. There-
fore, an essential element of building such a model for imbalanced data
classification is sample weighting providing a more reasonable distribu-
tion estimation. However, the most commonly used approach is assigning
equal weights to dense samples and the outliers, which in consequence,
may lead to incorrect distribution estimation. Hence, it can be assumed
that there is a more suitable sample weighting method for probabilistic
classifiers. This work employs a multi-objective optimization algorithm
to assign weights regarding models’ sensitivity, precision, and specificity,
providing a better-suited solution for imbalanced data classification. The
article defines an optimization procedure for the addressed problem, eval-
uates the proposed method with other state-of-the-art methods, and out-
lines possible further research directions.
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1 Introduction

The classification of imbalanced data is one of the most popular topics in ma-
chine learning community. Such data are characterized by a particular difficulty
regarding the uneven representation of classes. This may result in the under-
representation of one of them, which leads to in poorly fitted models, especially
in terms of the minority class detection in such tasks as fraud detection or
medical diagnosis [3]. Among the most frequently used techniques to deal with
imbalanced data, one can find algorithms for oversampling the minority class,
undersampling of the majority class, or a hybrid methods [4]. However, regard-
less of the chosen method, the purpose of preprocessing is to change the prior
probability of a given problem – which in the case of some classifiers can also be
achieved by proper sample weighting.

Often, weighting is based on original data imbalance, which might not be
a perfect strategy in some cases. For example, giving some weight to outlier
observation as the original distribution can cause a decision boundary shift.
This leads to the following research question - is it possible to propose a better
procedure of assigning weights for samples in imbalanced problems?
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2 Algorithm

The proposed solution for better assignment of weights is based on a multi-
objective optimization algorithm. The considered task can be defined as an
optimization problem, determining a classification model characterized by the
highest quality. However, evaluation of algorithms for imbalanced data classifi-
cation requires specific metrics, often formulated in a way, that the error in the
minority class is equally included as one in the majority class.

Commonly used Gmean metric is defined as geometric mean of sensitivity
and either specificity or precision. This overcomes the limitation of single-metric
optimization, which (i) is often limited to only two out of three basic metrics
and (ii) depends on their aggregation. Therefore multi-criteria optimization tasks
may give certain advantages in this kind of problem. Defining several metrics,
which are simultaneously maximized in the optimization process, results in creat-
ing a number of interdependent solutions converging to pareto-optimal solutions.
One of advantages is, that models can go beyond limitations of aggregated met-
rics, but finally, only one solution can be used, which requires a procedure for
selecting most useful model.

To define given problem formally it will be assumed that the solution s =
w1, w2, ...wn belongs to feasible solutions space S and it is defined as a series of
weights w corresponding to n samples in training set. Optimization objective is
to maximize three basic metrics estimated on validation set:

maximize fsns(S), fspc(S), fprc(S) (1)

where sns, spc, prc translate to sensitivity, specificity and precision respectively.
Obtained weights are further used in Gaussian Naive Bayes classifier training
for estimating µy and σy using maximum likehood of:

P (xi | y) =
1√

2πσ2
y

exp

(
− (xi − µy)2

2σ2
y

)
(2)

Proposed algorithm – Multi-Objective Sample Weigthing (moswe) – is solv-
ing given problem using moead with population size of 25 objects, limited to
10 000 evaluations. The reference directions were generated using the Das-Dennis
algorithm [6]. To obtain a single model as a final classifier, the solution was se-
lected using Compromise Programming multi-criteria decision making method.

3 Results

The experiments were conducted in stratified 5 × 2 cv protocol with paired
t-test [1]. The proposed method was implemented in Python programming lan-
guage supported by scikit-learn and pymoo packages [2]. Algorithm was com-
pared with baseline classifier and other commonly used preprocessing tech-
niques: Random Undersampling (rus), Cluster Centroids (cc), Random Over-
sampling (ros) and Synthetic Minority Oversampling (smote) implemented in
imbalanced-learn package [5]. For the evaluation, 21 datasets from the keel
repository1 were used.
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Table 1. Balanced Accuracy results.

none moswe rus cc ros smote

ecoli1 0.780 0.836 0.778 0.726 0.764 0.817
4, 5 4 — — 4 1, 4, 5

ecoli2 0.682 0.854 0.786 0.625 0.664 0.773
4 1, 4, 5, 6 1, 4, 5 — 4 1, 4, 5

ecoli3 0.841 0.884 0.747 0.827 0.832 0.865
— 1, 4, 5, 6 — — — 1, 4, 5

glass0123vs456 0.859 0.864 0.876 0.826 0.873 0.871
4 4 4 — 1, 4 4

glass0 0.707 0.707 0.704 0.706 0.701 0.701
— — — — — —

glass1 0.657 0.660 0.656 0.643 0.659 0.653
4 — — — 4 —

glass6 0.872 0.872 0.864 0.855 0.875 0.865
— 4 — — 4 —

haberman 0.575 0.559 0.608 0.561 0.621 0.600
— — 1, 2 — 1, 2 —

iris0 1.000 0.998 1.000 1.000 1.000 1.000
— — — — — —

new-thyroid1 0.987 0.979 0.973 0.948 0.977 0.978
3, 4, 5, 6 4 4 — 4 4

new-thyroid2 0.987 0.979 0.974 0.955 0.976 0.976
3, 4, 5, 6 4 4 — 4 4

page-blocks0 0.695 0.716 0.714 0.669 0.695 0.699
4 1, 4, 5, 6 4 — 4 1, 4, 5

pima 0.714 0.713 0.718 0.719 0.726 0.731
— — — — 1, 2 1, 2, 3

segment0 0.896 0.914 0.890 0.860 0.887 0.892
4, 5, 6 all 4 — 4 4

vehicle0 0.735 0.761 0.753 0.760 0.756 0.755
— 1 1 1 1 1

vehicle1 0.677 0.697 0.670 0.627 0.671 0.675
4 all 4 — 4 4

vehicle2 0.724 0.806 0.729 0.687 0.755 0.736
4 all 4 — 1, 4 4

vehicle3 0.674 0.683 0.665 0.653 0.667 0.672
— all — — — —

wisconsin 0.966 0.965 0.965 0.964 0.966 0.966
— — — — — —

yeast1 0.519 0.529 0.529 0.518 0.515 0.523
5 1, 4, 5, 6 — 5 — 1, 4, 5

yeast3 0.578 0.652 0.657 0.547 0.551 0.599
4, 5 1, 4, 5, 6 — — — 1, 4, 5

Table 1 presents mean balanced accuracy score obtained by evaluated methods.
Additionally, the list of algorithms from which referenced method was statis-
tically better is presented below each score. It can be observed that moswe
achieved significantly better results for the sets segment0, vehicle1, vechicle2
and vehicle3, although it should be also noticed, that for the sets ecoli2,
ecoli3, page-block0, yeast1 and yeast3 difference between moswe and rus
was not statistically significant. In the remaining datasets, algorithms did not
outperformed each other, although most of the algorithms were achieving bet-
ter score than cc. Interestingly, the baseline algorithm for the new-thyroid1

and new-thyroid2 was better then other methods, with the exception of mose,
where there was no statistical significance. Moreover, rus and ros algorithms

1 https://sci2s.ugr.es/keel/imbalanced.php
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Table 2. Balanced Accuracy mean rank results.

none moswe rus cc ros smote

3.810 4.667 3.381 1.762 3.476 3.905

were significantly better than moswe only for the haberman dataset. Very good
results of the proposed method, can be also observed in Table 2, which present
the average ranking of all the methods. The observations made, allows to state
that proposed method can significantly improve the results with regards to other
state-of-the-art methods.

4 Conclusions
Conducted experiment shows that the proposed method achieves excellent re-
sults, and four datasets present the best balanced accuracy score. Also, there was
only one dataset, for which other methods outperformed moswe.

It is also worth mentioning that the conducted research did not consider an
important element in the classification of imbalanced data – the cost of an error
made concerning the minority class is often higher than for the majority class.
For example, false-positive test results in fraud detection are more dangerous
than true-negative. Nevertheless, due to the pool of solutions obtained from
the optimization algorithm, selecting the appropriate model may be adjusted
with the expert knowledge regarding the said cost. In addition, the method is
adaptable – as long as all solutions are stored, it is possible to change the model
to one that corresponds to the significance of recognition of a given class set by
an expert.
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