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A very important part of data mining is classification techniques, namely how to
study a set of data so that rules are generated that can classify or recognize new
data that has never been studied. Classification can be defined as a process for
declaring a data object as one of the predefined categories (classes). There are
many classification techniques global classification techniques have been
proposed by experts, which can be grouped into two categories: global

classification techniques (taking into account all training data) and local
classification techniques (taking into account only part of the training data). each
technique has advantages and disadvantages. There are problems that are often
encountered in classification, namely the problem of data imbalance. Unbalanced
data is a condition where the distribution of data classes is not balanced, the
number of one data class is less or more than the number of other data classes.
The group of data classes that are less known as the minority group (minority),
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1. Introduction

A significant part of data mining is classification techniques, namely how to study a set of data so that
rules are generated to classify or recognize new data that has never been studied. Classification can be
defined as a process for declaring a data object as one of the predefined categories (classes) [1].

Classification is widely used in various applications, including fraud detection, customer management,
medical diagnosis, sales prediction, etc. How to build a classification model based on the knowledge of an
expert but considering an extensive data set [2]. Classification models are more often built using learning
techniques in the field of machine learning. The learning process automatically on a data set can produce a
classification model (target function) that maps the x data object (input) to one of the previously defined y
classes [3]. So the learning process requires feedback in the form of a training set labelled (has a class
attribute) and produces an output in the format of a classification model [4].

There are many classification techniques, and global classification techniques have been proposed by
experts, which can be grouped into two categories: international classification techniques (taking into account
all training data) and local classification techniques (taking into account only part of training data) [5]. Each
method has advantages and disadvantages. Some problems are often encountered in classification, namely
the data imbalance issue. Unbalanced data is a condition where the distribution of data classes is not
balanced. The number of data classes (instances) is one less or more than the number of other data classes
[6].

The group of data classes that are less known as the minority group (minority); the other data class
group is called the majority group (majority). Classification of data with unbalanced classes is a significant
problem in the field of data mining, for example, in medical problems [3], text classification problems [7],
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and social media [8]. unbalanced data, Almost all classification algorithms will produce much higher
accuracy for the majority class than for the minority class [9]. This difference is an indicator of poor
classification performance. In some cases, the minority class is even more critical to identify than the
majority class. Applying the classification algorithm without paying attention to class balance results in good
predictions for the majority class and the minority class being ignored. If the classification algorithm is
implemented directly on imbalanced datasets, performance will decrease [10].

In this study, researchers will handle class imbalances in the case of wine quality data. The data is
obtained from the UCI Machine Learning Repository on the https://archive.ics.uci.edu/ml/machine-learning-
databases/wine-quality/ page. The resampling technique used is data classification with Adaboost and
SMOTE Adaboost. The oversampling algorithm used is Synthetic Minority Over-sampling Technique
(SMOTE); this algorithm was chosen from several resampling algorithms because SMOTE produces good
accuracy and is effective in dealing with unbalanced classes because it reduces overfitting [11].

The effectiveness of the sampling algorithm is proved by visual experiments. Finally, [18] propose a
cost-sensitive algorithm based on Bagging, and combine it with the dynamic sampling algorithm to propose a
multi-fusion imbalanced ensemble learning algorithm [19] proposes an ensemble algorithm named of BPSO-
Adaboost-KNN to cope with multi-class imbalanced data classification. The main idea of this algorithm is to
integrate feature selection and boosting into ensemble. What’s more, we utilize a novel evaluation metric
called AUC area which is especially for multi-class classification. The goal is to balance the classes in the
dataset to improve the performance of the classification algorithm. The results of this study will be compared
with the results of the classification without resampling. The evaluation tests are accuracy, Confusion Matrix
(CM) and AUC [9].

2.  Method

This study applies two classification methods: the Adaboost method and the SMOTE Adaboost method.
Quality values that were initially in the range 0-10 were grouped first into two classes; namely, those whose
values were less than or equal to 6 were included in class 0 (more petite), and the other was included in class
1 (suitable). Used iteration 5 times. This means that five stumps/small trees are created sequentially and
arranged in such a way using the mfinal=3 option. The tree option is maxdepth=1 to ask the program to make
a stump as a weak learner of the boosting algorithm. The algorithm is executed, and the obtained model is
stored in an object with the name model. AdaBoost. Transform data from numeric to nominal and perform
normalization to determine the most appropriate form of data. Then divide the training data and testing data
with a ratio of 70%:30%. Data processing is carried out by resampling the SMOTE classifier in the validation
process so that higher accuracy is obtained from the processing of each method. The following are the stages
of the research carried out:

T Preprocessing Training

Classification
Data . data and
Testing
Adaboostst SMOTE
Adaboos
Evaluation
Model

Picture 1. The Research’s Process
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3. Result and Discussion

3.1 Data Overview

The data has 12 attributes, and one of the attributes is a class label. The excellent quality class as the
minority class has 217 data, and the poor quality class as the majority class has 1382 data, with the
proportion of minority and majority class being 0.86:0.14.

Sebaran Kelas

1000

0 400

Picture 2. Class Distribution Yes and No

3.2 Preprocessing data

They were preprocessing aims to uniform the data range between 0 to 1. So that the attribute value is
between 0 and 1, each attribute value is divided by the maximum attribute value of all data. Quality values
initially in the range 0-10 were first grouped into two classes. Namely, those whose values were less than or
equal to 6 were included in class 0 (more minor), and the other was included in class 1 (suitable). Then
change the numeric type to categorical, i.e. 0 for no and 1 for Yes.

Table 1. Total Training Data and Testing Data.

Type of Amount of data Total Total
data Class 1 Class 0

Training 152 968 1120

Testing 65 414 479

3.3 Feature Selection

Feature selection is one of the essential activities in building a model, and it is often repeated. Not all
features in this study can be helpful in modelling, even if too many irrelevant features in the data can reduce
the model's accuracy. We have to choose the features that give the best results; in this study, the feature
selection has been done and reduced to 12 elements.
3.4 Determination of training and data testing

The data must first be divided into training and testing data to make predictions. In this study, the
overall data is divided into 70%: 30% for 70% of training data and 30% of testing data.
3.5 Adaboost Prediction Results and SMOTE Adaboost

There are several approaches to overcome the problem of imbalanced data, namely the Synthetic
Minority Oversampling Technique (SMOTE), selecting data in the minority class randomly and then looking
for the nearest k minority class data from the data [10]. From the k minority class data, one data will be
chosen randomly, which is then connected to the selected initial data to form a line segment in the feature
space [11]. Synthesis data is generated using a convex combination between the two randomly selected data.
This approach is considered quite effective because the synthesis data formed is relatively close in the feature
space with existing data from the minority class [12]. This procedure can be used to generate as much

2334

Accredited “Rank 4”(Sinta 4), DIKTI, No. 36/E/KPT/2019, December 13t 2019.

Jurnal Mantik is licensed under a Creative Commons Attribution-NonCommercial 4.0 International License (CC BY-NC 4.0).



Handling Unbalanced Data with Smote Adaboos (Laila Qadrini)

synthetic data for the minority class as needed. The accuracy of the model with the Adaboost classifier above
is 86.85% which means it is very good [13]. In general, in the field of data science, models with accuracy
above 70% can be classified as a model that performs quite well [14]. Precision gives an indication of how
well the model can predict the positive. The precision value after SMOTE is also 80%. We prefer the
occurrence of True Positive and really do not want the occurrence of False Positive. So in this study, we
prefer if the quality of the wine is good but is predicted to be poor (so it can still be distributed) rather than
the quality of the wine, which is actually not good but is predicted to be good. Sensitivity or recall measures
the number of data that were successfully predicted to be positive compared to all data that were in fact
positive [15]. The model shows the sensitivity for SMOTE is 76.8%. The AUC value is used as a measure of
whether a model is good or bad [16]. An AUC close to 1 indicates a near-perfect model, while an AUC close
to 0.5 is a poor model [17]. The AUC value for the SMOTE Adaboost model is 0.784, while the AUC value
for the Adaboost model is 0.664.

Table 2.
Prediction Results of Adaboost and SMOTE Adaboost
Training data with SMOTE

Metrics Training data with Adaboost

Adaboost
Accuracy 0,8685 0,772
Presition 0,385 0,8
Recall 0,944 0,768
AUC 0,664 0,784

4, Conclusion

The prediction results with the Adaboost classifier provide a high accuracy of 86.85%, but actually the
low precision value is 0.385, meaning that the model is not good because it is not able to predict the "Yes"
class properly. Model evaluation on the adaboost SMOTE classifier is better than adaboost because it
produces a higher AUC value of 0.784
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