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Abstract 

This study aims to improve the accuracy of forecasting the turnover intention of new 
college graduates by solving the imbalance data problem. For this purpose, data from 
the Korea Employment Information Service’s Job Mobility Survey (Graduates Occupa‑
tions Mobility Survey: GOMS) for college graduates were used. This data includes vari‑
ous items such as turnover intention, personal characteristics, and job characteristics 
of new college graduates, and the class ratio of turnover intention is imbalanced. For 
solving the imbalance data problem, the synthetic minority over‑sampling technique 
(SMOTE) and generative adversarial networks (GAN) were used to balance class vari‑
ables to examine the improvement of turnover intention prediction accuracy. After 
deriving the factors affecting the turnover intention by referring to previous studies, 
a turnover intention prediction model was constructed, and the model’s prediction 
accuracy was analyzed by reflecting each data. As a result of the analysis, the highest 
predictive accuracy was found in class balanced data through generative adversarial 
networks rather than class imbalanced original data and class balanced data through 
SMOTE. The academic implication of this study is that first, the diversity of data sam‑
pling methods was presented by expanding and applying GAN, which are widely used 
in unstructured data sampling fields such as images and images, to structured data 
in business administration fields such as this study. Second, two refining processes 
were performed on data generated using generative adversarial networks to suggest 
a method for refining only data corresponding to a more minority class. The practical 
implication of this study is that it suggested a plan to predict the turnover intention of 
new college graduates early through the establishment of a predictive model using 
public data and machine learning.
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Introduction
As public data disclosure began in many countries, public data have been used in 
various fields. Recognizing the importance of public data, thus, the South Korean 
government enacted the ‘Act on Promotion of Provision and Use of Public Data’ in 
2013. In the past, public data was used in a limited and exclusive environment for 
research or policy development purposes. Recently, anyone can easily obtain public 
data from the government’s portal websites or national institution websites in South 
Korea. These public data consist of various fields such as disaster safety, education, 
health and medical care, weather environment, public administration, public finance, 
national land management, social welfare, employment, food security, and cultural 
tourism. Therefore, various studies using these public data are being conducted. In 
particular, as youth unemployment has become a social problem in Korea, studies 
have been conducted to predict turnover intention and job performance using public 
data, machine learning, and deep learning to solve this problem [1, 2].

When conducting such a predictive study, the class of variables to be predicted in 
the data (ex: there is a turnover intention/there is no turnover intention) must be bal-
anced. If the data with unbalanced classes are taught to the predictive model as it is, 
the model learns only information biased to a large number of classes, so the perfor-
mance (prediction accuracy) of the model may decrease, and it is difficult to trust the 
predicted results [3–5].

This problem is called the data imbalance problem. Class imbalance data refers to 
at least one of its classes is usually outnumbered by the other classes. In the field of 
data mining, detecting events is a prediction problem, or, typically, a data classifica-
tion problem. Rare events are difficult to detect because of their infrequency and cas-
ualness; however, misclassifying rare events can result in heavy costs. For financial 
fraud detection, invalid transactions may only emerge out of hundreds of thousands 
of transaction records, but failing to identify a serious fraudulent transaction would 
cause enormous losses. The scarce occurrences of rare events impair the detection 
task to imbalanced data classification problem. For example, for a data set where only 
1% of the instances belong to the minority class, even if a model classifies all instances 
as the majority class, it still achieves an overall accuracy of 99%. However, the minor-
ity class instances, which we want to accurately classify, are all misclassified by this 
model though it achieves a very high accuracy.

This class imbalance problems have been reported to occur in a wide variety of 
real-world domains, such as facial age estimation [6], detecting oil spills from satellite 
images [7], anomaly detection [8], identifying fraudulent credit card transactions [9], 
software defect prediction [10], and image annotation [11]. Beurz and Van den Poel 
[3] suggested sampling techniques and algorithms to solve the problem, noting that 
class imbalance in learning data leads to negative results in modeling for customer 
departure prediction. Haixiang et al. [4] reviewed 527 articles related to unbalanced 
data published over the past decade. In particular, they found that although the imbal-
ance data problem may occur in the field of business administration, there are not 
many papers that solve the imbalance problem in this area. Seliya et al. [5] mentioned 
imbalanced data as a unique problem that can occur in big data, and investigated how 
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the biased learning of imbalanced data leads to negative results in binary classifica-
tion problems by investigating related studies for 10 years.

As Haxiang et  al. [4] mentioned, predictive modeling using big data is also being 
carried out in the field of business administration. Applying this technique to the field 
of personnel organization can provide important insights in predicting the turno-
ver intention of new employees, which has recently become a problem. Recently, the 
problem of youth employment, especially the deterioration of employment for college 
graduates, has become a social issue. However, companies are also complaining of a 
shortage of human resources, and one of the causes is the frequent turnover of new 
employees with college graduates [12]. According to the Ministry of Trade, Indus-
try and Energy [13], the early retirement rate of experienced people is 13%, while the 
early retirement rate of new employees is 66%. According to a survey of economic 
activities by Statistics Korea [14], if young people aged 15–29 quit their first job, the 
average service period is 1.9 months. Most young people want to get a job, but those 
who succeed in getting a job are showing a paradoxical form of considering chang-
ing jobs or quitting. However, it is not easy for companies to measure the turnover 
intention of new employees. Because the turnover intention is a sensitive matter to 
individuals, and it is difficult to disclose it easily due to concerns about the personnel 
disadvantages that may arise when it is disclosed to the outside [15]. Also, even if it 
disclosed, it is not easy to determine whether the content is true. Companies are fac-
ing difficulties in selecting and managing new employees with turnover intentions.

Therefore, this study proposes a method to predict the turnover intention of new 
employees. If a predictive model is built using public data and machine learning algo-
rithms that measure the turnover intention of new college graduates, and the inde-
pendent variables used in model construction are measured on new employees and 
put into the model, their turnover intention can be predicted. This approach not only 
provides practical implications for promptly identifying new employees with turnover 
intentions in situations where it is challenging to easily obtain sensitive information 
such as turnover intention, but also supplements the limitations of traditional econo-
metric models that solely focus on causal analysis. However, even in the process of 
building such a prediction model, class imbalance problems may still arise. For exam-
ple, if there are 10 learning data, consisting of a ratio of 8 employees who are willing 
to change jobs and 2 employees who are not willing to change jobs, the model is likely 
to predict employees who are not willing to change jobs at 80%. This may result in 
fairness issues in the selection process for new employees who are willing to turnover, 
and could potentially have negative impacts on organizational management. Thus, it 
is crucial to address the class imbalance problem in the training data when building 
a predictive model. Therefore, in this study, a solution to the problem of imbalanced 
data was presented through oversampling using SMOTE and generative adversarial 
networks. In order to check the effect of solving the imbalanced data problem, the 
predictive model was analyzed by the original data with unbalanced classes and then 
modified data via two methodologies: SMOTE and generative adversarial network are 
also applied. Then, the results were compared. The contributions of this study are as 
follows.
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• the diversity of data sampling methods was presented by expanding and applying 
generative adversarial networks, which are widely used in unstructured data sam-
pling fields such as images and images, to structured data in business administration 
fields such as this study.

• two refining processes were performed on data generated using generative adver-
sarial networks to suggest a method for refining only data corresponding to a more 
minority class.

• this study suggested a plan to predict the turnover intention of new college graduates 
early through the establishment of a predictive model using public data and machine 
learning.

Background and literature review
Imbalanced data

Imbalanced data refers to a case where the number of data belonging to one class is sig-
nificantly larger or smaller than the number of data belonging to another class. At this 
time, a class with a larger number of data is called a majority class, and a class with rela-
tively small data is called a minority class [16]. There is an imbalanced ratio (IR) to indi-
cate the degree of data imbalance, and it is defined as follows.

Here,  nmaj and  nmin refer to the number of data belonging to the majority class and the 
minority class. If IR = 3, it means that the data belonging to the majority class is three 
times more than the data belonging to the minority class. Using these imbalanced data 
for prediction purposes can cause many problems [17]. For example, when learning a 
prediction model using machine learning, if the class of the target variable is imbalanced 
in the training data (e.g., when the class of the target variable is 0 or 1, the model is 
biased toward the class that occupies a large proportion [18]. As a result, this negatively 
affects the performance (prediction accuracy) of the model [3, 4]. This is called the class 
imbalance problem, and it is a problem that must be dealt with caution in prediction 
research, especially in finance, medical care, and manufacturing industry [19]. For exam-
ple, in marketing, when making a model to determine whether or not a customer has 
churned, training the model through measured customer data, and then reflecting new 
customer data to predict the likelihood of their churn [20]. If most of the training data 
consist of customers who do not churn, the model that learned this has a problem of 
classifying new customers as customers who do not leave most of the time.

In general, a minority class is a subject of major interest in classification problems [21], 
However, when a class imbalance problem occurs, it is difficult to obtain satisfactory 
classification performance, and in some cases, user damage may occur due to incorrect 
classification of minority class data [22]. For example, if a patient with a rare disease is 
incorrectly classified as a normal person in the medical field, the opportunity to treat 
the patient is lost. In addition, additional damage may occur if payment history with a 
stolen credit card is incorrectly classified as normal in fraud detection in the financial 
field [23]. Since it is very important to accurately classify a minority class in this way, it 

(1)IR =
nmaj

nmin
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is necessary to solve the problem when the class of data used is imbalanced. Data sam-
pling is a method to solve the problem of imbalanced data [24]. Data sampling is divided 
into under-sampling, which deletes data by matching the majority class to the size of the 
minority class, and over-sampling, which generates data by matching the minority class 
to the size of the majority class [24]. Undersampling can save time and cost of additional 
data collection but has the disadvantage of losing helpful information of the data [25]. 
On the other hand, oversampling may increase the time required to train the predictive 
model due to additional data generation, but it is possible to avoid the loss of impor-
tant information in the collected data. Figure 1 shows the process of undersampling and 
oversampling.

Since one of various sampling techniques cannot be said to be better, and each tech-
nique has its pros and cons, it is necessary to utilize a technique suitable for a given data 
and task. But undersampling removes data, such methods risk the loss of important con-
cepts. We focused on oversampling, not undersampling, to avoid loss of important infor-
mation. Among the oversampling techniques, there is also a method of increasing the 
number of data through simple randomization [26]. However, this method can also lead 
to overfitting problems because it simply copies data. On the other hand, SMOTE gener-
ates data based on algorithms, so the likelihood of overfitting occurrence is less than that 
of simple random methods. As a consequence, in the field of imbalance data classifica-
tion problem, a better performance can be easily achieved [27]. In addition, prior stud-
ies that solve the imbalance problem through oversampling have used SMOTE in their 
research, emphasizing that it is the most popular model among the proposed methods 
[27–35]. In particular, SMOTE is used as an imbalance class processing method for data 
measured on the Likert scale as used in this study [36], and there is evidence that it is 
also used as an oversampling method for the development of a turnover intention pre-
diction model [37–39].

Synthetic minority oversampling technique (SMOTE)

SMOTE is a technique for generating data through bootstrapping and the K-nearest 
neighbor methods. For specific data belonging to a minority class, K nearest neighbors 

Fig. 1 Data sampling process [16]
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of the same minority class are found, and new data are generated between them by cre-
ating a linear connection structure with the neighbors [40]. This is shown in the follow-
ing Fig. 2.

Studies have been conducted to solve the class imbalance problem through such 
SMOTE. Wang et al. [28] applied SMOTE to address the problem of unbalanced data 
in healthcare. He et al. [29] proposed the use of SMOTE to solve the imbalance prob-
lem in various research fields. Chen [41] used several re-sampling techniques for finding 
the maximum accuracy of classification from fully labeled imbalanced training data set. 
SMOTE, Oversampling by duplicating minority examples, random under sampling, is 
mainly used to create new training data set. Rahman and Davis [30] tried to address class 
imbalance issue in medical datasets. They used undersampling techniques as well as 
oversampling techniques like SMOTE to balance the classes. Jishan et al. [31] proposed a 
method of preprocessing data to improve the accuracy of students’ final grade prediction 
models using SMOTE. Douzas et al. [32] proposed an unbalanced data solution using 
SMOTE for the unbalanced dataset provided by UCI. Feng et al. [33, 34] proposed an 
SMOTE-based oversampling method to alleviate the class imbalance problem in soft-
ware defect prediction. Nunez and Gatica [35] utilized SMOTE to solve the imbalance 
data problem in the Peruvian public investment prediction model.

Like this, SMOTE has been used in many fields to solve imbalanced data problems. 
However, when SMOTE generates data belonging to a minority class, it does not con-
sider the location of data belonging to the adjacent majority class. Therefore, the prob-
lem of overlapping positions occurs [42]. In addition, since data is generated by relying 
only on the relationship between a few classes, overfitting may occur and prediction per-
formance may deteriorate [43]. Therefore, it is necessary to generate new data that does 
not overlap with the existing data while considering the overall distribution of the data 
when generating data was derived [44]. To overcome these issues, we adopted the gen-
erative adversarial network (GAN) concept. GAN can solve overfitting and data super-
position problems because it learns the actual data distribution of minor class and then 
generates similar data [45]. Through this, GAN can overcome the limitations of existing 
oversampling techniques.

Fig. 2 SMOTE [40]
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Generative adversarial network (GAN)

GAN is an unsupervised learning-based neural network that learns and optimizes by 
competing with a generator that generates data and a discriminator that compares the 
generated data with real data [46]. Since the two neural networks compete with each 
other, the quality of the generated data increases as learning takes place, and when the 
generator is optimized, the generated data becomes very similar to the quality of real 
data. As shown in the following Fig. 3, if a random type of noise (Z) is put into the gener-
ator, the generator generates fake data based on it. When this is put into the discrimina-
tor, the discriminator compares it with the existing actual data to determine whether the 
data generated by the generator is real or not. The result is expressed as a loss value, and 
when this value is sent to the generator, the generator proceeds with learning to gener-
ate fake data similar to real data based on this. After that, fake data is generated and sent 
back to the discriminator. This process proceeds until the discriminator does not clearly 
distinguish between real data and fake data, and when this state is reached, the generator 
is said to be optimized [45].

The goal of the generator is to maximize the probability (D(G(z))) that the discrimi-
nator will distinguish fake data into real data by 1. The goal of the discriminator is to 
maximize the probability (D(x)) of determining that the generated fake data is fake by 
comparing it with the actual data. The formula is as follows.

GAN has been mainly used in the field of unstructured data such as images and vid-
eos [47]. However, it has also been used in the field of database sized structured data. 
In particular, studies applied to oversampling for solving the class imbalance problem 
have taken placed. Kim [48] presented a solution to the problem of data imbalance for 
predicting defaulted companies through generative adversarial networks based oversam-
pling. Kim et al. [49] also suggested a solution to the problem of data imbalance for pre-
dicting credit card fraud through generative adversarial networks based oversampling. 
Mao et  al. [50] presented a solution to the problem of data imbalance for predicting 

(2)Min
G

Max
D

V (D,G) = Ex∼Pdata(x)[logD(x)] + Ez∼Pz(Z)[log(1− D(G(z)))]

Fig. 3 Generative adversarial networks [46]
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defective products in the manufacturing process through generative adversarial net-
works based oversampling. Table 1 shows the summary of these studies.

Research methodology
Introduction to the dataset

This study is to solve the class imbalance data problem and propose a method to improve 
the accuracy of the prediction model. For these purposes, data from the Graduate Occu-
pations Mobility Survey (GOMS) of the Korea Employment Information Service was 
used. This data includes the turnover intention composed of class variables and personal 
characteristics, job characteristics, characteristics of the university, job search experi-
ence, and so on. The data consisted of 18,163 samples and 1270 variables. The data used 
in this study is freely available to anyone (Data download: https:// github. com/ jrpar k16/ 
GOMS. git). In order to predict turnover intention, 12,202 samples of respondents who 
worked in the past 4 weeks were extracted. The employee turnover intention, which is 
the dependent variable, was obtained from these samples as a discrete class. To the ques-
tion of turnover intention, 2862 (23.46%) of the respondents answered ’Yes,’ and 9340 
(76.54%) answered ’No.’ Fig. 4 shows that these classes are imbalanced data.

Variables

Thirteen explanatory variables were derived from the viewpoint of job choice motiva-
tion, needs satisfaction, and person-job fit based on previous studies. The following 
Table 2 shows the summarized variables.

Table 1 Research on generative adversarial networks

Author/s Summary

Kim [48] Presented a solution to data imbalance problem for predicting credit card fraud through gen‑
erative adversarial networks based on oversampling

Kim et al. [49] Presented a solution to the problem of data imbalance for predicting credit card fraud through 
generative adversarial networks based oversampling

Park et al. [51] Presenting a solution to the problem of data imbalance using generative adversarial networks 
and KNN

Mao et al. [50] Presented a solution to data imbalance problem for predicting defective products in the manu‑
facturing process through generative adversarial networks based on oversampling

Engelmann and 
Lessmann [52]

Presenting a solution to the problem of data imbalance through Wasserstein GAN

Fig. 4 Turnover intention rate

https://github.com/jrpark16/GOMS.git
https://github.com/jrpark16/GOMS.git
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Oversampling

In this study, oversampling was performed through SMOTE and generative adver-
sarial networks to match the imbalanced class ratio of the dependent variable in the 
original data. First, the original data was divided into 70% training and 30% test sets 
to avoid overfitting. Since then, the training set has divided data in response to "I have 
turnover intention" and data in response to "I do not have turnover intention." After 
that, the data in response to "I have turnover intention" was used as data for oversam-
pling. Afterward, the class ratio of the dependent variable was matched by oversam-
pling the previously classified data through the SMOTE algorithm provided by the 
Imbalanced-learn library. Next, GANs were built and trained on the previously clas-
sified data, and data oversampling was performed based on the optimized generator 
to match the class ratio of the dependent variable. The structure of the constructed 
GANs are as follows.

First, the generator receives a noise vector Z as input. Since the input Z is irrelevant 
to the output data, a dimension sufficient to contain the properties of the data may 
be arbitrarily set. This study was organized in 50 dimensions so that the data distri-
bution in the latent space could be properly trained. The generator layer comprises 
Z(50) → 32 → 64 → 128 → 13 (number of explanatory variables). The discriminator 
layer is composed of the number of generator outputs (13) → 128 → 64 → 32 → 16 → 1 
(sigmoid). This is shown in the following Fig. 5.

The batch size of the learning process was 50 and the epoch was performed 3,000 
times. After learning 2000 times, the loss values of generator and discriminator did 
not change significantly around 0.7, so only 3000 times were performed and learning 
process was terminated. Then, data was generated through the learned generator. The 
learning process is shown in Fig. 6.

The generated data went through two purification processes. First, a prediction 
model for the turnover intention was trained through the original data, then the 

Table 2 Variables

Main category Middle category Variables

Job choice motivation Extrinsic motivation Recognize the importance of workload

Intrinsic motivation Recognition of the importance related to the field of major

Needs satisfaction Existence needs Wages or income

Job security

Relatedness needs Overall satisfaction at work

group satisfaction

Growth needs HR system (promotion system)

Individual development potential

Social reputation of work

Person‑job fit The degree of agreement between the level of work and one’s 
education level

The degree of agreement between the skill level of the job and 
one’s own skill level

The degree of agreement between the content of work and one’s 
major

The degree of agreement between work and one’s aptitude and 
interest
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generated data was put in and analyzed through XGBoost, and only the data belong-
ing to ‘I have turnover intention’ was primarily refined. After analyzing the refined 
data through logistic regression, only the data belonging to ‘I have turnover inten-
tion’ was secondarily refined. By including the ‘I have turnover intention’ data that 
had undergone two refinements in the imbalanced training set, the class ratio of the 
dependent variable in the training set was made the same. Through these processes, 
① class imbalanced original data, ② class balanced data through SMOTE, and ③ 
class balanced data through generative adversarial networks were prepared.

Turnover intention prediction analysis

In order to predict turnover intention, a prediction model was trained using the 
supervised learning method during machine learning and then the prediction accu-
racy was analyzed. For this, the following method was performed. First, a prediction 
model for turnover intention was constructed in which all the variables presented 
in Table  2 were set as explanatory variables, and turnover intention was set as the 

Fig. 5 Generator and discriminator layer
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dependent variable. Second, the three previously prepared data were divided into 70% 
training set and 30% test set, respectively, and after learning the turnover intention 
prediction model with the training set, the model’s prediction accuracy was analyzed 
with the test set. Third, the prediction model was analyzed using logistic regression 
(LR), K-nearest neighbor (KNN), and XGBoost (eXtreme Gradient Boosting: XGB). 
Accuracy, Precision, Recall, and F1-score were used as prediction performance evalu-
ation indicators. In addition, cross-validation was performed four times to prevent 
the error of overfitting the prediction model only to a specific data set and to general-
ize the analysis results.

Meanwhile, Cross-validation was performed four times to prevent the model from 
overfitting only a specific data set and to generalize the analysis results. On the other 
hand, the widely used Accuracy, Precision, Recall, and F1-score are used as the perfor-
mance evaluation indicators of the predictive model. The meaning and formula of each 
indicator are as follows.
Accuracy: Accuracy is the most intuitive performance measure and is simply a ratio of 

correctly predicted observations to the total observations.

Precision: Precision is the ratio of correctly predicted positive observations to the total 
predicted positive observations.

Recall: Recall is the ratio of correctly predicted positive observations to all observa-
tions in the actual “yes” class.

(3)
(

Accuracy
)

=
TP+ TN

TP+ FN + FP+ TN

(4)(Precision) =
TP

TP+ FP

Fig. 6 Learning process
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F1-score: The F1-score is the weighted average of precision and recall.

Results and discussion
First, looking at the average of the results of 4 cross-validation after analysis using 
class imbalanced original data, LR showed accuracy of Accuracy = 0.783, Preci-
sion = 0.798, Recall = 0.956, and F1-score = 0.870. KNN showed accuracy of Accu-
racy = 0.761, Precision = 0.798, Recall = 0.915, and F1-score = 0.853. XGB showed 
accuracy of Accuracy = 0.785, Precision = 0.806, Recall = 0.942, and F1-score = 0.869.

Next, looking at the average of the results of 4 cross-validation after analysis using 
class balanced data using SMOTE, LR showed accuracy of Accuracy = 0.782, Pre-
cision = 0.797, Recall = 0.955, F1-score = 0.869. KNN showed accuracy of Accu-
racy = 0.765, Precision = 0.802, Recall = 0.914, and F1-score = 0.854. XGB showed 
accuracy of Accuracy = 0.784, Precision = 0.806, Recall = 0.941, and F1-score = 0.891. 
As a result of the analysis, it was found that there was no significant difference in pre-
diction accuracy between the class imbalanced original data and the data with class 
balanced using SMOTE.

Next, looking at the average of the results of 4 cross-validation after analysis 
using class balanced data using GAN, LR showed accuracy of Accuracy = 0.799, 
Precision = 0.824, Recall = 0.937, F1-score = 0.877. KNN showed accuracy of 

(5)(Recall) =
TP

TP+ FN

(6)(F1-score) = 2×
1

1
Precision + 1

Recall

= 2×
Precision× Recall

Precision+ Recall

Table 3 Prediction analysis result

R Raw, S Smote, G Gan

Set Classifier Accuracy Precision Recall F1-score

R S G R S G R S G R S G

Set1 LR 0.788 0.787 0.803 0.806 0.805 0.829 0.951 0.952 0.954 0.873 0.872 0.887

KNN 0.769 0.771 0.800 0.808 0.810 0.826 0.915 0.914 0.938 0.858 0.859 0.878

XGB 0.785 0.787 0.816 0.811 0.813 0.834 0.936 0.936 0.967 0.869 0.870 0.896

Set2 LR 0.770 0.770 0.799 0.782 0.782 0.828 0.958 0.957 0.944 0.861 0.861 0.882

KNN 0.748 0.750 0.798 0.779 0.783 0.820 0.921 0.916 0.937 0.844 0.844 0.875

XGB 0.772 0.774 0.829 0.789 0.790 0.843 0.945 0.947 0.954 0.860 0.861 0.895

Set3 LR 0.800 0.799 0.798 0.817 0.816 0.822 0.957 0.956 0.948 0.881 0.880 0.881

KNN 0.778 0.779 0.794 0.819 0.823 0.818 0.917 0.912 0.932 0.865 0.865 0.871

XGB 0.802 0.797 0.824 0.828 0.824 0.841 0.940 0.938 0.968 0.880 0.877 0.900

Set4 LR 0.776 0.774 0.796 0.787 0.785 0.818 0.958 0.958 0.941 0.864 0.863 0.875

KNN 0.752 0.760 0.786 0.789 0.794 0.818 0.916 0.916 0.921 0.848 0.851 0.866

XGB 0.781 0.781 0.824 0.796 0.797 0.836 0.946 0.946 0.955 0.865 0.865 0.892

Average LR 0.783 0.782 0.799 0.798 0.797 0.824 0.956 0.955 0.937 0.870 0.869 0.877

KNN 0.761 0.765 0.794 0.798 0.802 0.820 0.915 0.914 0.929 0.853 0.854 0.871

XGB 0.785 0.784 0.823 0.806 0.806 0.838 0.942 0.941 0.951 0.869 0.868 0.891
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Accuracy = 0.794, Precision = 0.820, Recall = 0.929, and F1-score = 0.871. XGB 
showed accuracy of Accuracy = 0.823, Precision = 0.838, Recall = 0.951, and 
F1-score = 0.891.

Comparing the average accuracy with the class imbalanced original data, in the 
case of LR, the balanced data with GAN showed higher prediction accuracy of Accu-
racy = 1.6%, Precision = 2.6% and F1-score = 0.7% than the original data. However, in 
Recall, the original data showed high prediction accuracy by 1.9%. In the case of KNN, 
the balanced data with GAN showed higher prediction accuracy of Accuracy = 3.3%, 
Precision = 2.2%, Recall = 1.4%, and F1-score = 1.8% than the original data. In the 
case of XGB, the balanced data with GAN showed higher prediction accuracy of 
Accuracy = 3.8%, Precision = 3.2%, Recall = 0.9%, and F1-score = 2.2% than the origi-
nal data. As a result of the analysis, the highest prediction accuracy was shown when 
class balanced data using GAN was used, and there was no significant difference in 
prediction accuracy between the original data and class-balanced data using SMOTE. 
To summarize this, Table 3 is as follows.

According to the results of this study, it was found that there was no significant dif-
ference in prediction accuracy when the original data in which the class ratio of the 
dependent variable was unbalanced and the data in which the class ratio was balanced 
through oversampling using SMOTE were used for prediction model analysis. How-
ever, this analysis result does not consider the data values belonging to multiple classes 
when oversampling through SMOTE, so the generated data overlap [42] and may overfit 
[43] consistent with the result. Therefore, when oversampling data using SMOTE, it is 
necessary to consider the overall distribution of prime class data, such as increasing the 
number of oversampling times or increasing the number of K that can be considered. In 
addition, after data oversampling, it is necessary to determine whether there are overlap-
ping values through comparison with data belonging to multiple classes.

On the other hand, it was found that the prediction accuracy was higher than that of 
the original data when data balanced with class ratios were used for prediction model 
analysis through oversampling using GANs. These analysis results are consistent with 
previous studies [49, 51, 53] that prediction accuracy is higher when data with imbal-
anced class ratio is used for prediction model learning. When the model is trained 
on data with disproportionate class proportions, the accuracy is very high. However, 
the recall of classes with a small number of data rapidly decreases. One of the practi-
cal implications of this study is to suggest a way to predict employee turnover inten-
tion based on a pre-trained turnover intention prediction model. Therefore, it can be 
seen that the recall of the model is a very important study. Previous studies dealing with 
the class imbalance problem claim that class imbalance through oversampling can con-
sequently increase the model recall [54–56]. Khoda et al. [54] compared oversampling 
and undersampling, and confirmed that solving the class imbalance problem through 
oversampling resulted in a higher F1 score. Prasetiyo et  al. [55] found that the recall 
value was highest when the classes were balanced 50:50 through oversampling. Jo and 
Kim [56] suggested that in binary classification problems in various industries such as 
business, medical, and marketing, models learned from data with class balance through 
oversampling show the highest recall. In addition, it is believed that this is because simi-
lar but non-overlapping data were generated while considering the overall distribution 
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of minority data during data oversampling. Therefore, when analyzing, it is necessary 
to check the class ratio of the dependent variable in the data if the dependent variable 
consists of a discrete class. If the class ratio is imbalanced, it is necessary to balance it 
through data oversampling methods. In addition, if the analysis is performed by applying 
a method of generating non-overlapping data while considering the overall distribution 
of minority data, higher prediction accuracy can be derived.

Conclusion
This study focused on solving unbalanced data problems to derive higher predictive results 
in situations where data disclosure and sharing are active and artificial intelligence technol-
ogy to analyze them is being developed and used for prediction in various fields. In addi-
tion, it was suggested that the performance of the predictive model can be improved when 
solving class imbalance using GANs. The academic implications of this study are that first, 
the diversity of data sampling methods was presented by expanding and applying GANs, 
which are widely used in unstructured data sampling fields such as images and videos, to 
structured data in business administration fields. Second, we proposed to perform two 
refinement processes through logistic regression analysis and XGBoost as a way to check 
whether the sampled data contains a small number of data properties well. The practical 
implication of this study is that it suggested a plan to predict the turnover intention of new 
college graduates early through the establishment of a predictive model using public data 
and machine learning. The main purpose of this study was to propose a method to improve 
the accuracy of the prediction model by resolving data imbalance through SMOTE, a data 
oversampling method, and GANs. There are limitations to its use. There are various param-
eters that can be applied to each classifier. Therefore, future research can be performed with 
an optimization algorithm such as grid search to find and apply optimal parameters, and in 
this way, higher prediction accuracy is expected.
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