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Combining metric learning with multi-ratio undersampling to achieve
imbalanced classification
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Abstract: One problem that impairs the classification performance of several classification techniques is class
imbalance. One often used method to address the class imbalance is resampling; however, it still has a limited
data space, which further impairs performance. This research proposes MMEnsemble, an undersampling-based
unbalanced classification framework that integrates metric learning into a multi-ratio undersampling-based
ensemble, as a solution to this problem. Determining the proper sample ratio in the multi-ratio ensemble
approach is another issue that this system resolves. Twelve real-world datasets were used to assess it. In terms of
recall and ROC-AUC, it surpassed the state-of-the-art methods of metric learning, undersampling, and
oversampling; in terms of Gmean and F-measure metrics, it performed similarly to them.
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1. Introduction

In real-world applications, class imbalance [15] is a significant issue that impairs classification performance,
particularly when minority classes are involved. When there are significantly more examples in one class than in
other classes, this is referred to as class imbalance in datasets. Classifiers are biased toward the majority class
due to the significant disparity in the number of examples. Class imbalance has been noted and addressed in a
number of fields, including computer networks [12], software engineering [26], and the fields of medicine [7],
economics [25], and agriculture [28].

Resampling has been extensively researched as a successful remedy for class imbalance [8, 19, 5, 6]. Resampling
methods can be broadly divided into two groups: undersampling (e.g., EasyEnsemble [19] and RUSBoost [27])
and oversampling (e.g., SMOTE [8] and SWIM [6]).
A straightforward and effective resampling method for addressing class imbalance is undersampling [10]. The
problem has been solved by integrating multiple undersampled datasets in an ensemble fashion in addition to
employing single-shot undersampling [19, 16, 27].

According to Figure 1, a preliminary analysis of multiple datasets on the effects of various undersampling ratios
revealed that preferences for classes vary depending on the undersampling ratio. The ratio of the sampled
majority size to the minority size is known as the sampling ratio. The majority class is considered the negative
class in this study, whereas the minority class is considered the positive class. The majority examples are chosen
at random when the sampling ratio is 1.0, ensuring that the number of sampled examples is equal to that of the
minority examples. When the ratio is less than 1.0, it indicates that there are fewer sampled majority cases than
minority ones. This is referred to as severe undersampling in this work, while moderate undersampling is its
opposite. The Abalone dataset's true positive and negative ratios for various sample ratios are shown in the
figure. It suggests that 1.0 might not be the optimal balanced ratio because classifiers trained with severely
undersampled datasets favor the minority class, while those trained with moderately undersampled datasets favor
the majority class.

This study presents MMEnsemble, a unique undersampling-based ensemble framework consisting of asset-based
weighting, multi-ratio ensemble, and metric learning.

» Metric Learning: LMNN [34] and other metric learning techniques learn a data transformation that makes it
possible to identify instances in various classes. Selecting subsets of training examples for metric learning
enhances the classification performance of an imbalanced classification, according to recent metric learning
algorithms [33]. This concept serves as the foundation for MMEnsemble, which integrates metric learning into
an ensemble that relies on undersampling.
» Multi-ratio Ensemble: The sampling ratio is a crucial parameter when using undersampling. It establishes
how many drawn majority cases there are. According to a recent study [17], the classification performance is
enhanced when multiple sample ratios are used in an ensemble fashion.
» Asset-based Weighting: Weak classifiers with varying sampling ratios have varying assets when using an
ensemble based on multi-ratio undersampling. The majority class may be accurately classified by a classifier
with a high sampling ratio, whereas the minority class may be correctly classified by a classifier with a small
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sample ratio. MMEnsem-ble presents a weighting strategy that prioritizes classifiers that are able to accurately
identify instances that are challenging for the other classifiers to categorize in order to capture the assets.
The following is a summary of this paper's contributions.

The innovative framework known as MMEnsemble: The architecture known as MMEnsemble is made up of
asset-based weighting, multi-ratio undersampling-based ensemble, and met-ric learning. By using an ensemble
of base classifiers in different sampling ratios and automatic weighting schemes, this framework eliminates the
drawback of metric learning with regard to class imbalance by applying undersampling beforehand. It also
relieves  users of  the  burden of  selecting  sampling ratios  in undersampling.

« Better Classification Performance: MMEnsemble surpasses the state-of-the-art methods in an experiment
utilizing 12 real-world datasets, particularly for recall and ROC-AUC metrics, and it performs similarly to them
on Gmean and F-measure metrics. Higher recall scores can be obtained using this method, according to this
experiment,  which  would be helpful for a variety of real-world applications.
This is how the remainder of the paper is structured. The relevant work on resampling-based techniques is
introduced in Section 2. MMEnsemble is thoroughly explained in Section 3, and the experimental evaluation
utilizing 12 real-world datasets is presented in Section 4. This paper is finally concluded in Section 5.

2. Related Work: Resampling Approaches

The three main categories of methods for addressing class imbalance are algorithm change [32], cost-adjustment
[9], and resampling. Because it has demonstrated reliable performance and is applicable to all classifiers,
resampling is frequently utilized. Oversampling and undersampling are the two broad categories into which
sampling techniques can be divided.

2.1. Methods Based on Oversampling

Copying minority examples at random to equal the number of minority and majority examples is a
straightforward oversampling technique. This method is prone to over-fitting. Oversampling techniques produce
artificial minority instances that are near the minority in order to address the overfitting issue. The most often
used synthetic oversampling technique is SMOTE [8]. It uses the nearest neighbor technique to create artificial
minority examples. The generated examples may readily overlap with majority examples because SMOTE does
not take majority examples into account. The categorization performance suffers as a result. More recent
methods have included majority instances to the resampling procedure in order to get over SMOTE's drawback.
Data purification methods used by SMOTE-Tomek [4] and SMOTE-ENN [5] include Edit Nearest Neighbours
[35] and Tomek link removal [30]. Similarly, there are more sophisticated methods (e.g., SVM-SMOTE [23],
borderline-SMOTE [13], and ADASYN [14]). SWIM is one of the most advanced synthetic oversampling
techniques [6]. To create synthetic minority instances, SWIM makes use of each minority example's density in
relation to the distribution of majority examples. Extensive studies were carried out by [18] to examine a wide
range of SMOTE variations and compare them with various dataset types. ProwSyn [2] and PolyFitSMOTE [11]
performed the best in this experiment.

2.2. Techniques Based on Undersampling

Three types of undersampling-based methods can be distinguished: boosting and bagging ensembles, as well as
example selection. The process of selecting majority examples that are anticipated to improve categorization is
known as example selection. Major techniques select examples of the majority that are difficult to differentiate
from instances of the minority. Majority examples that are near minority instances are sampled by NearMiss
[22]. A hardness property called instance hardness [29] shows how likely it is that an example would be
incorrectly labeled.

A learning technique called "boosting ensemble" progressively modifies the bulk of samples. Boosting
approaches eliminate a portion of the majority samples for every iteration. A boosting technique called
BalanceCascade [19] eliminates majority samples that are accurately classified. A weighted random
undersampling technique called RUS-Boost [27] is used to exclude majority examples that are probably going to
be correctly identified. To enhance model performance, EUSBoost [21] presents an adaptive boundary choice
technique and a cost-sensitive weight change. The best in this category is Trainable Undersampling [24]. It uses
reinforcement learning to train a classifier.

Multiple weak classifiers are combined in a bagging ensemble, each of which is trained in a voting fashion on

separate pieces of undersampled training data. One of the earliest bagging techniques that used undersampled

training data was Ensemble of Undersampling [16]. An ensemble-of-ensemble method called EasyEnsemble
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[19] groups AdaBoost classifiers for every piece of undersampled training data in a bagging fashion. A thorough
experiment on bagging and boosting strategies is documented in [10]. It demonstrates that the top-performing
methods are RUSBoost and EasyEnsemble, which outperform methods based on oversampling. Multiple sample
ratios are incorporated into EasyEnsemble by MUEnsemble [17]. The most advanced bagging-based method that
considers cost-sensitive learning and metric learning is called DDAE [36].

MMEnsemble, the suggested approach, falls under the bagging category. The fact that MMEnsemble uses metric
learning to get over the problem of limited data spaces in resampling techniques sets it apart from the others
(apart from DDAE). DDAE and MMEnsemble differ in two important ways. One is the control of
undersampling (also known as data block); DDAE undersamples based on the number of blocks, independent of
the imbalance ratio of datasets, whereas MMEnsemble undersamples data based on the sampling ratio. The other
is the weak classifier selection; MMEnsemble employs the AdaBoost classifier, whereas DDAE utilizes the
closest neighbor classifier, which is thought to fit metric learning. It's also crucial to note that MMEnsemble only
has one hyper-parameter, which is a significantly smaller parameter space than DDAE, which has (at least) three.

Regarding the multi-ratio ensemble, MUEnsemble employs heuristic weighting (i.e., weighting based on
Gaussian functions), whereas MMEnsemble uses weak classifier assets that are derived from the process of
verifying weak classifiers. Therefore, extensive hyper-parameter adjustment is needed to capture the features of
poor classifiers. The asset-based weighting system outperforms the heuristic weighting in MUEnsemble,
according to the experimental evaluation presented in this study.

3. MMEnsemble

Complex The three phases of MMEnsemble—the multi-ratio ensemble phase, the metric learning phase, and the
multi-ratio undersampling phase—are depicted in Figure 2. MUEnsemble [17] is replicated in the first step,
which involves selecting multiple undersampled sets of examples with ri from the training data for each
sampling ratio ri € R (where R is a preset collection of sampling ratios). In the second stage, metric learning is
carried out for every drawn set, and this altered drawn set is used to train a base ensemble classifier known as
MLEnsemble. Using asset-based weighting, the final ensemble classifier is built in the final phase using the |R|
basis classifiers from the previous phase. The technical specifications of MLEnsemble and the ensemble with
asset-based weighting are presented in the sections that follow.

3.1. MLEnsemble, the Base Ensemble Classifier

MLEnsemble is a metric learning bagging classifier. Algorithm 1 provides a summary of its process. To get
specific groups of examples, the training data are sampled several times with replacement (Line 2). Each set is
used to train a metric learner, which turns the set into a sufficient data space for differentiating instances of
various classes (Lines 3-4). A weak classifier is trained using the altered set (Line 5).

3.2. Use asset-based weighting to assemble

Typically, the weighted voting mechanism is employed in ensemble methods. These techniques frequently give
all base classifiers the same weights and are unaware of class imbalance. Conversely, the weights of base
classifiers must be carefully designed because they are more sensitive in the case of an ensemble of base
classifiers with varying sampling ratios. [17] demonstrated the superiority of heuristic weighing with a Gaussian
function over equal weighting.

4. Evaluation of Experiments

MMEnsemble was assessed in this experiment to provide answers to the following queries.

Q1: Does MMEnsemble perform better than the most advanced imbalanced classification techniques of
oversampling, undersampling, and metric learning?

Q2: Does the combination of multi-ratio ensemble and metric learning work well?

Q3: Does the categorization performance get better with asset-based weighting? and how does the selection of its
hyper-parameter k (Equation 2) affect things?

4.1. Configuration

Datasets: The OpenML dataset [31] and the KEEL repository [1] provided the datasets used in the experiment.
The total number of records (#records), minority instances (#minor), dimensionality (#dim), and imbalance ratio
(IR), which is #major, are all displayed in Table 1. The OpenML dataset included D1-D6, whereas the KEEL
repository provided the remaining data.
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Table 1. Datasets

ID Name #records #minor #dim IR
D1 cml 498 49 21 9.2
D2 kc3 458 43 39 9.7
D3 mwl 403 31 37 12.0
D4 pcl 1,109 77 21 134
D5 pc3 1,563 160 37 8.8
D6 pca 1,458 178 37 7.2
D7 yeast1-7 459 30 7 14.3
D8 abalone9-18 731 42 8 16.4
D9 yeast6 1,484 35 8 414
D10 | abalonel9 4,174 32 8 1294
D11 | wine3-5 691 10 11 68.1
D12 | abalone20 1,916 26 8 72.7

Evaluation: Recall, Gmean, F2, and AUC were the evaluation measures. The true positives, false negatives, true
negatives, and false positives are represented by the letters TP, FN, TN, and FP. The number of positive
(minority) cases that are correctly classified is measured by recall = TP. Gmean is equal to -TP+FN.

The geometric mean of the recalls for both classes is Recall - TNR, where TNR = TN.

F = (1+p2)Precision =T P, and B establishes the weight on the recall. Recall Precision is the harmonic mean of
recall and precision. Since higher recalls are favored in many real-world applications, B was set to 2 in this
experiment. The receiver operation characteristic curve's area under the curve is known as the AUC.

The experimental procedure was carried out 50 times in order to accurately estimate these evaluation metric
values. The classifiers were trained on the training set and assessed on the test set after a dataset was randomly
divided into 70% for training and 30% for testing. The macro average of the 50 trials served as the overall metric
scores.

Baseline Methods: MMEnsemble was contrasted with the most advanced techniques for ensemble approach,
metric learning, and resampling (both oversampling and undersampling). A cutting-edge method of metric
learning that addresses class imbalance is IML [33]. To enhance the data transformation, IML iteratively chooses
training samples and integrates LMNN [34]. Based on the thorough experiment in [18] and an initial assessment
of the datasets in this experiment, ProWSyn [2] was chosen for the oversampling strategy for resampling. The
state-of-the-art for the ensemble and undersampling method is DDAE [36], which also incorporates metric
learning. The results of IML and DDAE were taken from the DDAE paper [36] because this experiment uses the
same dataset as DDAE. However, in [36], MWMOTE [3] is chosen as the state-of-the-art oversampling method,
[18], and the initial evaluation demonstrated ProWSyn's superiority.

MMEnsemble was compared to EasyEnsemble [20], MUEnsemble [17], and MLEnsemble (in this article),
which are metric learning including EasyEnsemble, a multi-ratio undersampling-based ensemble, and an
undersampling-based ensemble, respectively, in order to address Q2. The distinction between MMEnsemble and
EasyEnsemble demonstrates the advantages of combining multi-ratio ensemble and metric learning. Likewise,
the distinction between MMEnsemble and MUEnsemble demonstrates the advantage of metric learning in
enhancing performance for the unbalanced classification. ProWwSyn, EasyEnsemble, MLEnsemble, and
MUEnsemble parameters were specified. In ProWwSyn, EasyEnsemble, and MLEnsemble, the sampling ratio was
set to 1.0. LMNN was used as the metric learning technique, and its k value was set to 3. Gaussian weighting
was used with parameters, p and 62, of 1.0 and 0.2 for MUEnsemble. The predefined set R of sampling ratios is
set to {0.2, 0.4,..., 2.0}, and the best 62 was experimentally explored from {0.1, 0.2,..., 1.0}. As with the
previous methods, | was fixed to 1.0. R is the same as MUEnsemble, k of the asset-based weighting was
selected from {0.1, 0.2,..., 5.0}, and the base classifier, MLEnsemble, was established as previously for
MMEnsemble.

4.2. Findings

The experimental results are presented from three angles in order to address the questions: a comparison over the
k parameter and different weighting schemes (corr. Q3), an overall comparison (corr. Q1), and the ablation study
(corr. Q2).

4.2.1. Comprehensive Analysis

The metric scores of MMEnsemble using the most advanced techniques are displayed in Table 2. The highest
scores in a row are bolded in the table. In terms of recall and AUC, MMEnsemble completely outperformed IML
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and ProwSyn, and it was comparable to DDAE in terms of Gmean and F2 metrics. Notably, MMEnsemble
nearly exceeded the others on the recall metric and completely outperformed them on the AUC metric. This
dominance of MMEnsemble is practically useful because a high recall is preferred for real-world applications.
Conversely, the F2 and Gmean scores were similar to DDAE. MMEnsemble clearly beat DDAE on datasets D5,
D6, D8, D9, and D11, on the remaining datasets, MMEnsemble was either equivalent to or worse than DDAE.
The poor TNR and precision scores for MMEnsemble, which resulted from the asset-based weighting in the
weighting scheme design, were the reason of this. The purpose of asset-based weighting is to highlight the basic
classifiers that accurately categorize cases that others are unable to. This raises the possibility that there will be
more false positives.

4.2.2. The Combination's Effect

A comparison of MMEnsemble and its fundamental methodologies is presented in Table 3. The comparisons
between EasyEnsemble and MLEnsemble and MUEnsemble demonstrate that the addition of either the multi-
ratio ensemble or the metric learning could somewhat improve the classification performance. The architectural
distinction between MUEnsemble and MMEnsemble is whether or not metric learning is applied; as a result,
MMEnsemble was integrated with Gaussian weighting (Equation 1) in order to examine the performance
increase brought about by the difference. This comparison demonstrated MMEnsemble's superiority over
MUEnsemble, i.e., the metric learning effectively enhanced the data space in the data sets for every sampling
ratio. Furthermore, MMEnsemble with the asset-based weighting performed better than MUEnsemble with the
Gaussian weighting, as can be observed by comparing the columns of MMEnsemble in Table 2 and Table 3.

4.2.3. The Impact of Weighting Based on Assets

The impact of the hyper-parameter k on the asset-based weighting is depicted in Figure 3. The primary
conclusion is that as k grew, the recall scores decreased. This is due to the fact that the basis classifiers that are
able to correctly identify examples that the other base classifiers have misclassified are assigned larger weights
as k increases. Higher TNR and precision result from this; so, Gmean and F2 scores rise as k grows, and AUC
values progressively rise as well.

A comparison between uniform weighting and asset-based weighting is presented in Table 4. All base classifiers
received the same weights thanks to uniform weighting. Uniformly weighted MMEnsemble tended to have low
results for the other metrics but good recall scores. This suggests that the number of cases classified to the
minority class rises when the average performance of base classifiers trained on datasets with varying sampling
ratios is taken into account.

It is significant that MLEnsem-ble with the asset-based weighting demonstrated a comparable classification
performance to that with the uniform weighting, despite the fact that the specifics are left out for space reasons.
This is due to the fact that the base classifiers in MLEnsemble have a similar classification tendency, meaning
that cases that are successfully categorized are nearly always among them. Consequently, the weights assigned to
these classifiers, as determined by Equation 2, acquire comparable values. This observation suggests that asset-
based weighting works well for ensemble classifiers whose base classifier classification tendencies are different
from one another. Base classifiers are trained for varying sample ratios, so their tendencies vary from one
another. This type of ensemble classifier is what MMEnsemble is.

4.3. Knowledge Acquired

Question 1: Does MMEnsemble perform better than the most advanced imbalanced classification techniques of
oversampling, undersampling, and metric learning? — While MMEnsemble was comparable to DDAE in
Gmean and F2, it attained the state-of-the-art in terms of recall and AUC. This suggests that while MMEnsemble
can increase recall, its precision and TNR performance are constrained. Improving MMEnsemble for these
metrics without compromising high recall is a viable future step, even though many real-world applications
require a larger recall. A high TNR and precision with high recall is optimal.

Q2: Is it effective to combine multi-ratio ensemble and metric learning? — Indeed, all indicators show improved
classification performance as a result of the combination. When MMEnsemble and MLEnsemble were
compared, the multi-ratio ensem-ble was shown to increase performance, and when MMEnsemble and
MUEnsemble were compared, the metric learning was found to improve performance.

Q3: Does the categorization performance get better with asset-based weighting? and how does the selection of
its hyper-parameter k (Equation 2) affect things?

For all metrics, asset-based weighting outperformed the two weighting schemes (uniform and Gaussian) in
classification; however, because it is sensitive to recall, the hyper-parameter k needs to be carefully chosen.
While the Gmean and F2 rise with increasing k, recall falls. This suggests that classifiers perform better in terms
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of precision and TNR when k is increased. As a result, k can be adjusted based on user preferences for precision
or recall.

5. Conclusion

This research proposed MMEnsemble, a unique ensemble framework based on undersampling. To get over the
problem of inadequate data space in the earlier undersampling-based ensemble approaches, MMEnsemble
combines three methods: metric learning, multi-ratio ensemble, and asset-based weighting. MMEnsem-ble
outperformed the state-of-the-art techniques, according to an experimental evaluation, particularly in terms of
recall and AUC metrics. The main drawback of MMEnsemble (as well as the other approaches) is that while it
can increase recall scores, precision is lost.
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