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ABSTRACT

Most of the existing techniques for solving data imbalance prob-
lems are geared towards binary classification problems, hence a
novel strategy capable of natively handling multi-class classifica-
tion problems is required. Existing implementations mainly employ
a one-versus-rest approach to support multi-class problems and this
generalisation hinders its effectiveness in datasets with multiple mi-
nority classes. On the contrary, a one-versus-one approach avoids
such generalisation and provides finer control over the balancing
strategy. In this paper, we propose a novel SCALA algorithm capa-
ble of handling imbalanced data with multiple minority class labels
with a multi-class output. We introduce a user-defined set of scaling
factors which are then integrated with a one-versus-one balancing
strategy. Our results show that SCALA demonstrated a significant
improvement compared to ADASYN and SMOTE in model per-
formance metrics used to validate balancing techniques. SCALA
can balance these datasets without allowing minority classes to
overshadow other minority classes. This preserves the information
needed by the training algorithm to distinguish between the classes
to a high precision.
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1 INTRODUCTION

In machine learning, classification refers to the power of prediction.
The imbalanced dataset problem has been burgeoning in recent
years. It is an increasing challenge in both industry and academia
[1]. With wide applications of machine learning in the real world,
imbalanced data has become a leading concern. Many datasets
for real-life scenarios are likely to suffer from a balancing problem.
Hence, it is crucial for the machine learning practitioner to be aware
of this problem and to possess skills to sufficiently handle this type
of data [2]. The fields of study affected by imbalanced datasets
range from test classification, bioinformatics, speech recognition,
and telecommunications [3, 4], anomaly detection [5], fault diag-
nosis, and spam filtering [6, 7]. In disease prediction and medical
diagnosis, imbalanced classes are almost always present and are a
major risk to the suitability of the model. This can be attributed to
most available health datasets suffering from unlabelled instances,
with labelled datasets being very expensive and difficult to obtain
[8]. Furthermore, in the medical domain, data are collected over a
time period and evolve from simple sets to more refined categories,
which necessitates a multi-class output instead of binary [9]. Class
imbalance occurs whenever the labels of the dataset are distributed
in such a way that one or more class labels dominate the instance
space [10]. Classification models suffer from some degree of imbal-
ance problems if the classes of interest are very scarce (minority
classes) while other classes dominate the dataset (majority classes).
The phenomenon of imbalanced data can also be defined as the
skewness of the class label distribution. The extent of the imbalance
is defined as the imbalance ratio. The representation of the majority
class (or the normal case) and the minority class (or the abnormal
case) imposes a major error in the classification model performance.
This leads to minority class examples being falsely misclassified as
the majority class.

An intuitive example is classification of body-mass index (BMI)
in children predicting four distinct classes: Underweight, Healthy,
Overweight, and Obese. Most examples will be the Healthy class,
and Obese and Overweight will be the minority classes, with Un-
derweight somewhere in between. If there are only four obese cases
in one thousand records, then the machine learning model will lean
towards predicting the Healthy class for all inputs, and the model
will be falsely considered very accurate. Thus, the model will most
likely learn to predict the majority classes (Healthy) no matter what
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the input data is. The model is effectively unsuitable, irrespective
of the high accuracy. To combat this problem, the dataset must be
balanced to similar amounts of minority and majority examples.
The interpretation of misclassification errors may differ across the
classes. It depends on the extent of the imbalance, which makes
most machine learning algorithms perform poorly, and the com-
plexity of the problem domain where the examples were drawn
from. For example, misclassifying an instance from the majority
class as an instance from the minority class is (a false-positive er-
ror) and is undesired in most cases. However, it is less critical than
classifying an instance from the minority class as an instance of
the majority class (a false-negative error). This is known as the un-
equal cost of misclassification and is another challenge of imbalance
problems. These challenges, skewness of data and unequal cost of
misclassification errors, exacerbate the imbalanced data problem.
In addition, there are other concerns such as data size, data dis-
tribution, and anomaly detection which are factors for worsening
the imbalanced data [11]. In contrast, some studies suggest that an
imbalance ratio is not the only factor for deficient performance in
learning from imbalanced data [12]. The minority class is under-
represented and hence it is much harder to learn than the majority
class. Thus, misclassifying the minority class examples are more
costly. This is because there is an expectation for the data to be
balanced or have equal misclassification costs. The aim of the clas-
sifier, in this case, is to maximise overall model accuracy. This often
leads to the classifier predicting examples as the majority classes
and under-representing the minority classes. In real world cases,
this leads to up to 100% accuracy of the majority classes and a very
low accuracy of the minority classes, between 0% - 10% [13]. Class
imbalance data can negatively impact the performance of machine
learning algorithms that train on the data. In scenarios with rare
cases, events occur infrequently. Because of this, the machine learn-
ing models that we build to identify these rare cases will perform
badly. Learning from imbalanced data will produce biased machine
learning models towards the majority class. Standard classification
algorithms do not perform well on imbalance datasets especially
with small sample sizes [14]. They should not be used as they may
lead to critical mistakes. Instead, a classifier with adjustable output
threshold needs to be used [15].

Most widely used balancing algorithms, such as SMOTE and
ADASYN, have been shown to balance the classes in the dataset
such that the trained machine learning model predicts all classes to
a high precision. However, these algorithms were designed primar-
ily for binary classification problems. The algorithms themselves do
not natively support multi-class inputs, instead code-based imple-
mentations (such as those found in scikit-learn) provide support for
multi-class inputs using a one-versus-rest approach. One-versus-
rest effectively collapses the scenario into a binary classification
problem by retaining one class and grouping all other classes into
a second class. The original algorithm is then computed on the
grouped data. This grouping leads to a loss of data and loss of fine
control needed to differentiate between the classes.
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2 RELATED WORKS

There is a proliferation of studies available on class imbalance. Vari-
ous methods and techniques have been developed to address imbal-
anced datasets. In those methods and techniques, data engineering
has been employed in attempts to address the issue. However, recent
studies show that data engineering has no impact on classification
performance compared to the data augmentation method. However,
combining various augmentation methods will result in deterio-
ration of the classifier performance in imbalanced data problems
[16] Class imbalance can be addressed at the data level or the al-
gorithm level. Ensemble-based methods leveraging both data- and
algorithm-level techniques are also available.

Firstly, data level approaches have been proposed and lean to-
wards sampling methods. These aim to correct the distribution of
the training data by some mechanisms, to obtain a relatively bal-
anced class distribution. The mechanisms include under-sampling,
over-sampling, and some hybrid methods. Under-sampling and hy-
brid under-sampling methods work by reducing the number of ex-
amples from the majority classes [17-19]. However, these methods
tend to be avoided as it removes potentially important class exam-
ples for the majority class. There is no evidence that under-sampling
techniques address imbalance data problems to a high degree [20].
In contrast, over-sampling methods create new samples for the mi-
nority classes. There are two types of over-sampling: random over-
sampling, and synthetic over-sampling. In random over-sampling
techniques, the existing examples in the minority classes are repli-
cated randomly. Synthetic over-sampling techniques generate new
artificial samples from the minority class examples. Several over-
sampling techniques have been introduced such as: random over-
sampling with replacement, synthetic minority over-sampling tech-
nique (SMOTE) [21], Borderline-SMOTE [22], SMOTEBoost [23],
AWSMOTE [24], MSMOTE ([25], Safe-level SMOTE [26], and Adap-
tive Synthetic Sampling Technique (ADASYN) [27]. Both under-
sampling and over-sampling techniques have their own advantages
as well as drawbacks [28]. Another approach is a hybrid approach
combining under- and over-sampling techniques [29]. Secondly, al-
gorithm level approaches have been proposed such as cost-sensitive
learning [30] and kernel-based methods [31]. Finally, ensembled-
based methods have been proposed such as those in the study of
He et al. and Devi et al. [20, 32]. The Adaptive Synthetic (ADASYN)
algorithm is an over-sampling technique with a focus on harder-to-
learn examples [27]. The ADASYN algorithm works by calculating
a density distribution for each minority class example, using the
ratio of majority neighbours to total neighbours, through the K
Nearest Neighbour method. This provides an advantage over previ-
ous over-sampling techniques such as SMOTE, Borderline-SMOTE,
and SMOTEBoost which apply their over-sampling algorithms uni-
formly across the data. Therefore, ADASYN can selectively over-
sample examples only when needed, reducing the likelihood of
overfitting and bias. Due to the nature of ADASYN, outlier minor-
ity class examples are not over-sampled, which reduces bias in the
model. This approach was built for binary classification problems
with one majority class and one minority class. Implementations
of the ADASYN algorithm such as the scikit-learn Python library
use a one-versus-rest approach to support multi-class and multi-
label problems. However, these approaches tend to break down
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when there are multiple minority classes in one neighbourhood be-
cause the current implementations continue to use majority-to-total
neighbour ratio when calculating the density distribution.

In contrast, our approach calculates independent density distri-
butions for each neighbouring class label at each minority class
example. This is also known as a one-versus-one approach. This
allows the algorithm to fully understand the composition of the sur-
rounding examples as opposed to previous implementations which
were only aware of majority-to-total neighbours. Our approach also
introduces the novel scaling factors as another input parameter to
the algorithm. These scaling factors are applied to the independent
density distributions to either penalise or promote competition of
the minority class example with the other class labels. This en-
ables finer tuning of the algorithm and can be configured such
that a minority class example surrounded by neighbours primarily
from other minority classes will experience less over-sampling than
minority class examples surrounded by majority classes.

3 SCALA: SCALING ALGORITHM

To improve the prediction power of classification algorithms, we
propose a novel SCALA algorithm in this paper. Building upon the
ADASYN algorithm, our approach improves the prediction power
of datasets with multiple minority class labels. The proposed algo-
rithm for solving multi-class classification problems is described as
follows:

3.1 The intuition of our novel algorithm

The key elements of the novel approach are implementation of a
one versus one approach, and introduction of the scaling factors
which is a distinct input parameter.

In the first step, we begin with a similar procedure to ADASYN
by calculating the K-nearest neighbours surrounding the minority
class example in question. This makes use of the Euclidean distance
to determine the closest points. Knowledge of the surrounding
points and which labels they have is necessary to proceed with
the algorithm. In previous one-versus-rest approaches the exact
composition of the neighbouring labels were not needed. Therefore,
the algorithm does not need to be aware of the total set of labels
within the dataset. However, with the one-versus-one approach
each label is put against all other labels in the dataset except itself.
For this reason, the algorithm must be able to determine a set
containing all labels in the dataset, except the current example’s
label. In the second step, we describe this procedure. First a set C is
determined containing all labels in the dataset. Then, the second set
D is defined as set C with the current example’s label excluded. This
set D is then used to continue with the algorithm. In ADASYN, a
ratio is computed dependent on the proportion of majority to total
examples. This approach is not compatible with a one-versus-one
approach, as the proportion of majority to total examples would
always be the same for all classes surrounding a minority class
example.

In our approach, to make better use of the data now available to
the algorithm, the third step calculates the ratio dependent on the
proportion of each label against the total examples and provides a
better summary of the labels surrounding the current example. In
the fourth step, the ratios are normalised such that the sum of all
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Algorithm 1 SCALA Algorithm

Input

Training dataset

Scaling factors, F

Procedure

1. Calculate the number of synthetic data examples that need to be
generated:

G=(mp—ms) x f (1)

Where f € [0, 1] is a parameter used to specify the desired
balance level after generation of the synthetic data. ms is the
number of examples in the smallest minority class.

2. Determine C as the set of labels in the dataset Y and, D the
difference of C without the class label of x; as

D=C\{yi} (2

3. Calculate the ratio against the other classes divided by total
number of neighbours. For each j in D, do:

. ()
ri(]) — AIT (3)
where Agl ) is the number of examples in the K nearest neighbours
against other classes and (j) represents an iteration element of set
D.
4. Normalise these ratios according to the sum of all the ratios,
such that:

. . Jj
ri(j) — ri(j) / ,Zl ri (4)
i=
5. Apply the scaling factors to these ratios, such that:
sV =59 xF )
6. Use the ratios to calculate the number of the synthetic samples
to generate for this point

D .
gi= 267 xG6) (9
J

where j is the first class in the set of all classes D.

7. For each minority class example x;, generate g; synthetic data
examples according to the following steps:

Do the Loop from 1 to g;:

i) Randomly choose one minority data example, x;; from the K
nearest neighbours for data x;

ii) Generate the synthetic data sample:

si= Xi+(xzi— x;) X A (7)

where (xz; — x;) is the difference vector in n dimensional spaces,
and A is a random number A € [0, 1].

End Loop

,i=1, ..., mg, jED

the ratios is one. This forms a density distribution so that G can be
multiplied by each component to form the final number of samples
to generate.

The scaling factor parameter is introduced in step 5 of the algo-
rithm. Each normalised ratio is multiplied by its respective scaling
factor corresponding to its class label. This skews the ratios to
either boost or reduce the values depending on the user defined
input. In most cases, the scaling factors will be used to penalise the
majority classes and boost the minority classes. By combining the
novel scaling factors with the adaptive ratios, you can achieve an
elevated level of oversampling only where it is needed.
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3.2 Description of the dataset

To evaluate the effectiveness of our algorithm, we used the
Southampton Women’s Survey (SWS) dataset which had a highly
imbalanced nature. The data consists of 3,157 rows consisting of
215 columns. Not every entry had a complete set of data, meaning
some columns are empty. The output column of interest was body-
mass index (BMI) which consists of four classes, of which two are
deemed minorities. The value counts are as follows: Underweight,
with 1,434 records; Healthy, with 588 records; Overweight, with 190
records; and Obese, with 107 records. The dataset poses a challenge
consisting of severely imbalanced data with multiple minorities,
with a multi-class output model.

4 SIMULATION ANALYSIS AND REASONING
FOR CREATING A NEW ALGORITHM

We used the random forest classifier to build the machine learning
model that will be trained with the SWS data. We selected random
forest due to its robust nature and intrinsic ability to deal with
imbalanced data better than other algorithms [33]. This is partly
due to bootstrapping, where subsets of the data are distributed ran-
domly among individual trees and the final output is decided upon
by voting on the individual tree predictions. The first step in evalu-
ation was to establish a baseline using only random forest without
any balancing algorithms. As expected, it could not perform well
with the degree of the imbalanced data in the SWS dataset, despite
hyper-parameter tuning. For this reason, we looked towards balanc-
ing techniques. Due to the low number of records in the minority
classes, we could not rely on under-sampling techniques. For this
reason, we selected two widely used over-sampling techniques,
SMOTE and ADASYN. It was evident that ADASYN outperformed
SMOTE, and this can be attributed most likely to its adaptive nature.
At this stage, we also tried amending hyper-parameters such as
K-neighbours but could not achieve any significant improvements.
Therefore, we selected ADASYN as the starting point for our im-
proved algorithm, SCALA. For each experiment, we split the data
into training and testing counterparts at a ratio of 30% with stratifi-
cation. ADASYN and SMOTE parameters remained as default as
K_neighbours = 5, and B = 1. For our algorithm hyperparameters,
we set K_neighbours = 5 and B = 1. We also used scaling factors as
follows: Healthy = 2, Underweight = 6, Obese = 0.1, Overweight =
0.1. These values were attained using trial and error.

4.1 Evaluation Metrics for Multi-class
Imbalanced Datasets

Traditionally, the performance of machine learning algorithms is
evaluated by overall accuracy against test cases. However, this mea-
sure is often insufficient when dealing with imbalanced datasets
[34]. Most of the machine learning algorithms perform better when
datasets are balanced, hence machine learning algorithms expect
balanced data. Overall accuracy, a popular choice of evaluating a
classifier’s performance, might not be appropriate when we en-
counter imbalanced classification [35]. In addition to the confusion
matrix, we also evaluate our algorithm using different performance
metrics such as AUC-ROC [34], precision, recall, F1-score, Kappa
[36], and MCC [37, 38], which are proven to be the most suitable
evaluation measurements for multi-class imbalance classification.
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5 EXPERIMENTAL RESULTS

The important outcome of learning algorithms is to improve the
recall, without sacrificing the precision. The best measure for eval-
uating the learning algorithm towards the minority class is the
F-score, which is the integration of both precision and recall [23].
These metrics are all derived through a combination of formulae
which use values from the confusion matrix. The confusion matrix
of the same data before and after application of SCALA are shown
in Table 1 and Table 2 respectively.

The results show that the false positive and false negative occur-
rences are reduced after application of SCALA.

The area under the curve score was also calculated using the
receiver operating characteristic (ROC) function, known as the
ROC-AUC score. The ROC-AUC score was found to be 84%, which
was equal to the ROC-AUC for ADASYN and SMOTE. Though our
model saw increased metrics such as MCC and Kappa as shown in
Table 3. In each model, the highest performing algorithm is high-
lighted for each metric. From these results, we can see that the
original ADASYN algorithm attained the highest overall accuracy
(OA) score of 0.69. However, as mentioned previously, OA is not a
suitable metric when the problem at hand has a multi-class output.
Instead, we should look towards Cohen’s Kappa coefficient (Kappa)
and Mathew’s correlation coefficient (MCC). SCALA attained the
best performing Kappa (0.43) and MCC (0.44) out of the algorithms,
showing that it is more suited for multi-class imbalanced data than
ADASYN and SMOTE. The results also show that, apart from three
metrics, SCALA achieved the highest precision, recall, and F1-score,
especially Obese and Overweight classes which were the minor-
ity classes. This means that the novel SCALA algorithm exhibits
increased performance for all classes while achieving its advanta-
geous ability of balancing datasets with multiple minority classes.
We can confidently conclude that SCALA provides many advan-
tages over the ADASYN algorithm, both in its ability to balance
multiple minority imbalance datasets, and its raw performance
improvements across the board in the metrics measured. Apply-
ing SCALA to an imbalanced dataset yields a predictor capable of
distinguishing between all classes to a high precision.

6 CONCLUSION

In this paper, a novel Scaling algorithm (SCALA) was proposed
for solving multiple minority imbalanced dataset phenomena. The
results show that SCALA can improve the performance of the
classifiers for all classes in a multi-class multi-minority scenario.
SCALA is an improvement over ADASYN and SMOTE as a new
over-sampling approach to handle class imbalance. SCALA was
tested on SWS data to predict BMI classes into Healthy, Obese,
Overweight and Underweight. SCALA, in tandem with the random
forest machine learning method, was found to perform better than
random forest with ADASYN or SMOTE. Our algorithm was shown
to have greater predictive power for minority classes in imbalanced
data, which tend to be the classes of interest. Without compromising
AUC-ROC score, we were able to increase the precision, recall, and
F1 of the minority classes while preserving good predictive power
of majority classes as well. Our model showed an increased Kappa
and MCC score to the other algorithms. The introduction of the
scaling factors input provides opportunity for fine control over the
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Table 1: Confusion matrix for the classes in our multi-class classification, which are Healthy, Obese, Overweight and Under-
weight, without the application of any balancing techniques.

Confusion matrix

Predicted class

Healthy Obese Overweight Underweight
Actual class Healthy 73 0 0 104
Obese 3 5 1 23
Overweight 12 1 1 43
Underweight 24 3 1 402

Table 2: Confusion matrix for the classes in our multi-class classification, which are Healthy, Obese, Overweight and Under-

weight, with the application of SCALA.

Confusion matrix

Predicted class

Healthy Obese Overweight Underweight
Actual class Healthy 88 0 10 79
Obese 1 16 2 13
Overweight 12 6 15 24
Underweight 34 9 8 379

Table 3: The performance measures for SCALA and the comparison with ADASYN and SMOTE. Precision, Recall, F-score,

KAPPA and MCC
Algorithm OA Classes Precision Recall F1 Kappa ROC-AUC MCC
SMOTE 0.68 Healthy 0.59 0.49 0.53 0.37 0.84 0.37
Obese 0.42 0.41 0.41
Overweight 0.26 0.14 0.18
Underweight 0.75 0.85 0.81
ADASYN 0.69 Healthy 0.61 0.53 0.57 0.39 0.84 0.39
Obese 0.37 0.34 0.35
Overweight 0.31 0.19 0.24
Underweight 0.76 0.84 0.80
SCALA 0.67 Healthy 0.51 0.76 0.61 0.43 0.84 0.44
Obese 0.44 0.47 0.45
Overweight 0.39 0.28 0.33
Underweight 0.84 0.70 0.76
scaling strategy. Therefore, we can conclude that our algorithm REFERENCES
is best suited to improve predictive power of minority classes in [1] F Provost. 2000. Machine learning from imbalanced data sets 101. Invited paper

severely imbalanced datasets, where those minority classes are the
classes of interest. Our suggestion for future work, to improve the
algorithm, is to devise a secondary algorithm to efficiently select
scaling factors for a particular input dataset and to deploy and
refine the algorithm on a wider range of datasets.
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