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Abstract
Employee turnover is one of the most important issues in human resource management, which is a combination of soft and hard
skills. This makes it difficult for managers to make decisions. In order to make better decisions, this article has been devoted to
identifying factors affecting employee turnover using feature selection approaches such as Recursive Feature Elimination
algorithm and Mutual Information and Meta-heuristic algorithms such as Gray Wolf Optimizer and Genetic Algorithm. The
use of Multi-Criteria Decision-Making techniques is one of the other approaches used to identify the factors affecting the
employee turnover in this article. Our expert has used the Best-Worst Method to evaluate each of these variables. In order to
check the performance of each of the above methods and to identify the most significant factors on employee turnover, the results
are used in some machine learning algorithms to check their accuracy in predicting the employee turnover. These three methods
have been implemented on the human resources dataset of a company and the results show that the factors identified by the
Mutual Information algorithm can show better results in predicting the employee turnover. Also, the results confirm that
managers need a support tool to make decisions because the possibility of making mistakes in their decisions is high. This
approach can be used as a decision support tool by managers and help managers and organizations to have a correct insight into
the departure of their employees and adopt policies to retain and optimize their employees.

Keywords Human resource management . Employee turnover . Meta-heuristic algorithms . Multi-criteria decision making .

Machine learning . Data mining

1 Introduction

Human resources in any organization constitute the most com-
plex social system for management that can develop itself.
They are also a combination of decision-making and planning.
That is why the decision to allocate humans, hiring, turnover,
labor analysis, talent analysis, rewards, and human resource

optimization is recognized as one of the challenging issues for
managers in organizations to achieve the desired performance.
Human resource management is a complex process that in-
cludes subjective and unpredictable factors and measurements
[33]. Managing this complex process not only can increase
employee efficiency but also can control the organization’s
costs, which would increase the productivity of the organiza-
tion as well.

On the other hand, human resources are considered as a
source for creating values and strategic policies of the organi-
zation, and the long-term success and competitive advantage
of organizations will depend on their human resources. In fact,
the human resources of any organization are very significant
and valuable talents that are very difficult to replace, especial-
ly for organizations that need knowledge workers. This con-
cept shows that maintaining and developing qualify em-
ployees in organizations is very important, and organizations
are obliged to maintain their human resources because hiring,
training and then socializing people are costly and time-con-
suming. The experience and skills that employees gain in any
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organization are fundamental and hidden investments for the
organization. In other words, it can be said that scarce, valu-
able and inimitable resources such as human resources are
considered a kind of capital loss.

The employee turnover is often the result poor hiring deci-
sions, and poor management and directly affects the organi-
zation’s strategic plans. In other words, poor management and
managerial performance gaps in decision making can increase
the employee turnover rate [9]. According to Zhu et al. [38],
many companies had to adjust, improve and upgrade their
management systems to reduce their turnover rate and private
companies and governments spend billions of dollars annually
to manage this problem. It can be said that maintaining and
optimizing expensive and scarce resources such as human
recourses is one of the most important concerns of managers,
which requires more advantage and more innovative tools to
improve decisions. This is the reason why identifying the fac-
tors affecting employee turnover is a very valuable measure
that can lead to corrective measures to prevent employee turn-
over and helps managers to making better decision.

Therefore, in order to solve this research gap and improve
the performance of manager’s decisions, there is a need for
more advanced approaches to find out which features has
more significant effect on employee turnover, how can em-
ployee turnover be prevented and how well can managers
identify the factors influencing the employee turnover? In or-
der to solve this research gap and increase the performance of
organizations, this study uses the IBM Dataset, which were
obtained from the Keggel, in three different approaches to
identify the most effective factors on employee turnover using
each of the methods. Also, by predicting the employee turn-
over and use the results of each approach in machine learning
algorithms, the performance of these approach has been com-
pared. These three approaches are Feature Selection algo-
rithms in machine learning, Meta-heuristic algorithms and
Multi-Criteria Decision-Making techniques.

With increasing progress of science and technology and the
use of artificial intelligence in data analysis, it is possible to
play a significant role in solving the problems of managers
and increasing profitability for organizations. It can be said
that the best companies compete by analyzing the people,
abilities, and talents of their employees and trying to maxi-
mize the performance, participation, and retention of top talent
[16]. One of the practical techniques to find useful information
from a large amount of data is the data mining approach that
has a wide range of real-world applications can be done by
machine learning [15]. One of the most significant parts be-
fore designing machine learning models is Feature Selection,
which is very important for producing an optimal model.

Feature Selection means to selecting the most influential
variables in a Dataset on the target variable. This process will
be very effective before creating predictive models using ma-
chine learning algorithms because all the machine learning

algorithms use input data to generate output results. This input
data contains a series of features whose structure usually ap-
pears in the form of columns and affects the target variable.
Other approaches that can be used to find the optimal features
are Meta-heuristics algorithms. Many of the optimizing fea-
tures that are selected for machine learning models in the real
world are large in size and complexity, and it will be very
time-consuming to reach a definitive optimal solution for
them. Meta-heuristic algorithms make the search space small-
er. Although in this method, there is no guarantee to find a
definitive solution, but these algorithms can approach the op-
timal solution with an acceptable percentage.

Human resource management is always influenced by the
decisions of managers, whose poor decisions can bring a lot of
costs to the organization and increase the employee turnover.
For this purpose, in this study, in addition to using feature
selection approaches in machine learning and Meta-heuristic
algorithms, we also used the opinions of managers (decision-
makers) regarding the identification of effective factors in the
employee turnover by using Best-Worst Method (BWM),
which is one of the Multi-Criteria Decision-Making
(MCDM) techniques. In general, Multi-Criteria Decision-
Making techniques are very popular tools among managers,
which can choose the best options. Decision-makers can use
these mathematical tools to evaluate and rank potential op-
tions in complex situations [4]. Determining decision criteria,
selecting the worst and best criteria, prioritizing all criteria,
comparing the criteria with the best and worst criteria, and
calculating the optimal weight of each criterion by solving
the mathematical planning model are the steps of this
approach.

This study presents a new combined approach to identify
the factors affecting employee turnover using feature selection
algorithms in machine learning, Meta-heuristic algorithms
andMulti-Criteria Decision-Making techniques. By doing this
work, wewant to compare the results of these approaches with
each other and find the most identification factors for employ-
ee turnover. Also, the results of these methods have been used
is some machine learning algorithms such as Logistic regres-
sion, Decision Tree, Random Forest, Super Vector Machine,
Gradient Boosting, and Adaptive Boosting to predict the em-
ployee turnover.

With all of these interpretations, human resources analysis
must be done in a way that facilitates complex modeling and
experiments to understand cause and effect. The results of
these analyzes should be such that managers can use them to
make decisions. Accordingly, identifying the most influential
factors on employee turnover can help predict the future em-
ployee turnover rate of the organization and lead to the devel-
opment of more accurate models. Using feature selection,
Meta-heuristic algorithms and Multi-Criteria Decision-
Making techniques, which are very practical tools for man-
agers, this article seeks to identify the factors influencing the
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employee turnover. Also, in order to check the performance of
the proposed models, some machine learning algorithms have
been used to predict the turnover rate of human resources in
order to compare the accuracy of the features selected from the
above methods using these algorithms. Identifying the factors
affecting employee turnover can be used as a decision support
tool to help managers to make the best decision for the strate-
gic planning of employees and take the necessary corrective
measures to reduce the turnover rate of their employees, which
leads to increased productivity of organizations.

In general, this article is arranged as follows; In Section 2,
we will review the literature on this topic. Our literature re-
view consists of two sections: literature on the Data Mining
Approach in Human Resource Problems, and literature on
Multi-Criteria Decision-Making Techniques and Human
Resource Problems. In Section 3, the problem Description
and Data Description were presented. In Section 4, the meth-
odology is presented. Section 5 is dedicated to Performance
Evaluation. Section 6 presents the results and Section 7 com-
pares the discussion. Finally, Section 8 is devoted to the
conclusion.

2 Literature review

In this part, we will review the literature related to the use of
data mining approach and theMulti-Criteria Decision-Making
techniques in human resource management issues.

2.1 Data mining approach in human resource
problems

Over the years, human resource management has undergone
significant changes, and issues such as the use of data mining
[10], artificial intelligence [19] become very popular.
Certainly, the desire to improve human resource management
in recent years will continue to be more widespread in the
future and the use of data analysis in human resource manage-
ment will be very popular. Esmaieeli Sikaroudi,
RouzbehGhousi, and Sikaroudi [6] identified the factors af-
fecting employee turnover to predict the unstable employee in
order to use the results to reduce the obvious and hidden costs
of the organization. Also, by analyzing the organization’s his-
torical data, they found that the recruitment strategy should be
improved. In the same years, Other researchers used linear and
multivariate regression to analyze data such as organizational
financial performance, employee turnover rate, employee age,
organizational performance, and employee participation rate
[22]. By doing this job, they sought to examine the impact of
employee turnover rates on organizational performance.

Zhu et al. [38] used time-series data to predict the employee
turnover rate to increasing the ability of predicting employee
turnover without considering the impact of economic

indicators. Y. Zhao, Hryniewicki, Cheng, Fu, and Zhu [35]
predicted and evaluated employee turnover by using human
resource data sets on some machine learning algorithms such
as Decision Tree, Random Forest, Gradient Boosting. In
2019, other researchers examined data such as employee
age, organizational role, and job nature to find ways to influ-
ence employee decision-making and performance in market-
ing, finance, human resources, research, and create develop-
ment [26]. Other researchers used standardized tests to exam-
ine the relocation data of schoolteachers in New York to de-
termine the effect of teacher relocation on student perfor-
mance and by doing this they shows that the organizational
performance was negatively related to subsequent employee
turnover [27].

W. Zhao, Pu, and Jiang [34] introduced team member er-
rors as one of the problems in human resource allocation, and
to solve this problem, they analyzed some of the characteris-
tics of resources from the perspective of demographics and
business process analysis. In the same year, Lyons and
Bandura [13] used statistical discussions to examine the fac-
tors affecting employee turnover. Their results show that there
are multiple motivations or triggers that encourage an employ-
ee to leave an organization, which is muchmore complex than
issues related to job satisfaction, rewards, or an unfavorable
boss. Nagpal andMishra [18] analyzed factors such as recruit-
ment, training, and performance management to improve de-
cision-maker’s ability to make informed decisions about hu-
man resources. X. Wang and Zhi [28] proposed an analytical
framework based on machine learning due to the variety of
factors affecting the employee turnover, the lack of compre-
hensive data, and the existence of machine learning models to
predict the employee turnover. Recently, researchers investi-
gated the effect of the strength of COVID-19 on the turnover
intention of hotel employees by combining perceived opera-
tional performance and job insecurity [30].

2.2 Multi-criteria decision-making techniques and
human resource problems

Human resource management and related issues include soft
and hard constraints that make these issues a little more com-
plicated. Therefore, multi-criteria decision-making tech-
niques, which are practical tools for managers, have many
applications in this field. One of the problems in human re-
source management is personal selection. In 2016, some re-
searchers from China wanted to utilize human resources to
increase the sustainable development of society and the econ-
omy. To evaluate and classify overseas talents in China under
the intuitionistic relations environment they used the BWM
method [29].

By using the BWM and the TOPSIS, Gupta [7] tried to
identify important actions and practices of Green Human
ResourceManagement (GHRM) and evaluate its performance
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using a three-phase methodology. Due to the effect of soft
(human-resource-related) dimensions on Green Supply
Chain Management (GSCM), Kumar, Mangla, Luthra, and
Ishizaka [11] used the BWM and Decision-Making Trial
and Evaluation Laboratory (DEMATEL) tominimize the neg-
ative environmental effect of the value chain. Chou, Yen,
Dang, and Sun [3] used FAHP and fuzzy technique for order-
ing priority based on similarity to ideal solution (FTOPSIS) to
evaluate the performance of human resources in science and
technology (HRST) in Southeast Asian countries. Results
They show that Singapore, South Korea and Taiwan have
similarities in desirable levels of HRST performance and have
better HRST performance than other Southeast Asian coun-
tries. Soba, Ersoy, Tarakcioğlu Altınay, Erkan, and Şik [25]
used some multi-criteria decision-making techniques such as
gray relationship analysis (GRA) method and PROMETHEE
grading and ranking method for personnel selection.
Esangbedo, Bai, Mirjalili, and Wang [5] evaluated the human
resource information systems provided by different vendors
using two new hybrid Multi-Criteria Decision-Making tech-
niques that require ordinal data as inputs.

Many studies have used inferential statistics to find rela-
tionships between variables in human resource management.
Also, Multi-Criteria Decision-Making techniques have been
used in various fields. However, no article in human resource
management has used Meta-heuristic and feature selection
algorithms that are very useful and accurate to discover pat-
terns and relationships between variables. Also, the use of
Multi-Criteria Decision-Making techniques to find the impor-
tance of variables is not seen in the literature. Since the world
of human resources is full of quality issues, using these
methods to solve problems can also be very practical. On the
other hand, deep searching for the relationships between var-
iables, Meta-heuristic, and machine learning approaches can
lead us to the correct use and modeling. In order to evaluate
the results of the models, in the next step, we will use machine
learning algorithms to predict the departure of employee turn-
over to ensure how practical the above results can be.
Although many researchers have used data mining techniques
andMulti-Criteria Decision-Making techniques in various hu-
man resource topics, combining and comparing these ap-
proaches shows a research gap that this study tries to cover.

3 Problem description and data description

From the organization’s point, employee turnover is in two
forms: voluntary turnover and involuntary turnover.
Involuntary turnover occurs when the employee wants to stay
in the organization, but the organization wants the employee
leaves in various forms such as retirement. In voluntary turn-
over, the organization wants to keep the employee, especially
its talented and knowledgeable workers, but the employee

wants to leave the organization [1]. Both employee turnovers
cost the organization dearly, but voluntary exits are always a
concern for managers. One of the best things that can be done
for an organization is to retain its valuable employees.
Regardless of the economic situation, companies are always
at risk of losing their best employees and joining them to the
organization’s competitors. The narrowing of the labor market
and economic growth has created competition among compa-
nies to attract labor. This means that organizations are in fierce
competition to attract talent. This competition creates condi-
tions that make it difficult for any party to retain a talented
employee, resulting in increased employee turnover rates.

When talented leave their jobs, the company will be losing
knowledge and skills that it has acquired with difficulty and
often at great expense. With the departure of these people, the
high knowledge and expertise of these talented and efficient
employees who guaranteed your success will leave your com-
pany with their turnover. It should be noted that reducing the
employee turnover does not mean continuous work with all
employees, but it means keeping qualified employees as long
as their performance is in line with the organization’s goals.
Although some voluntary employee turnover in the organiza-
tion is inevitable, it can be minimized by identifying the fac-
tors affecting the employee turnover and applying correct
management approaches in the next step. For this purpose,
in this study, using various approaches such as Mutual
Information, Recursive Feature Elimination, Best-Worst
Method, Genetic Algorithm, Gray Wolf Optimizer, we iden-
tify the factors affecting the employee turnover. In the next
step, we used the suggested variables from each of the above
algorithms in some machine learning algorithms to examine
the validity of the above models by using the current accuracy
of machine learning algorithms in predicting the employee
turnover.

There are many factors that can have a direct impact on
the employee turnover. For this reason, we used the IBM
data set obtained from the Keggel to determine the impact
of important parameters such as years since the last pro-
motion, work-life balance, percentage of salary increase,
years of service, overtime, and number of trainings to em-
ployee turnover. The IBM Dataset includes 1470 em-
ployees and 38 features. From the total number of em-
ployees, 237 employees have left their jobs. After cleaning
the data, all features with unique values that were the same
across all employee inputs were removed. A total of 1470
employees with 31 characteristics remain. The features
intended for analysis can be classified into 3 types contin-
uous, discrete ordinal variables, and Nominal categorical
variables like gender. The target variable in this data set is
binary and divided into two classes of people, who left the
organization, and people who did not leave the organiza-
tion, as shown in Fig. 1. Figure 1 shows a general graph of
the number of people who have left the organization.
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Age, employee turnover, Business Travel, Daily Rate,
Department, Distance From Home, Education, Education
Field, Employee Number, Environment Satisfaction,
Gender, Hourly Rate, Job Involvement, Job Level, Job Role,
Job Satisfaction, Marital Status, Monthly Income, Monthly
Rate, Number of Companies Worked, Over18, Overtime,
Percent Salary Hike, Performance Rating, Relationship
Satisfaction, Standard Hours, Stock Option Level, Total
Working Years, Training Times Last Year, Work Life
Balance, Years At Company, Years In Current Role, Years
Since Last Promotion, Years With Current Manager are the
features that we used. Some features such as over 18 and
Standard Hours were not considered in data analyzation be-
cause they had no variance.

4 Methodology

In this article, in order to identify the factors affecting the
employee turnover, Meta-heuristic, Feature Selection algo-
rithms andMulti-Criteria Decision-Making techniques, which
are very practical tools for managers, have been used. These
algorithms include Mutual Information, Recursive Feature
Elimination, Best-Worst Method, Genetic Algorithm, Gray
Wolf Optimizer. Each of these approaches identify some fea-
tures as the main factors affecting the employee turnover. In
order to check the performance, and validation of the above
methods, their results are used in some machine learning al-
gorithms such as Logistic regression, Decision Tree, Random
Forest, Gradient Boosting, Super Vector Machine and
Adaptive Boosting.

One of the widely used techniques in observational learn-
ing is the classification technique. The classification technique
is a kind of classic data mining approach for data analysis,
which is based on machine learning. The classification pro-
cess is based on a training set, the system learns to divide the
data into the right groups with the least error. The training set

contains data whose category is known; Each pattern or cate-
gory has a label and data with the same target label are placed
in a group. The goal of this method is to learn a function that
maps input patterns (feature vectors) to their corresponding
labels. Finally, in order to make the results of Mutual
Information, Recursive Feature Elimination, Best-Worst
Method, Genetic Algorithm, GrayWolf Optimizer more prac-
tical, by using the results of the classification algorithms, we
will predict the employee turnover, so that the results can be
examined. The higher the accuracy of the prediction models,
the more the variables proposed by the algorithms have had a
greater impact on the employee turnover. Machine learning
algorithms are compared using F1-score. Figure 2 shows the
steps and application of these methods.

4.1 Mutual information

Mutual Information is a concept of information theory that
measures the uncertainty of a random variable. Considering
the two-dimensional random variables X and Y, the Mutual
Information between X and Y can calculate as Eq. 1. In this
Equation p(x, y) shows the probability of variables X and Y. If
X and Y are independent to each other, the joint probability of
variables X and Y, that shown as I(X, Y) will equals to 0.
Nonlinear correlation can be extracted from Mutual
Information because the calculation of Mutual Information is
based on the estimation of probability density. Mutual
Information is more usable for nonlinear systems [37].

I X ; Yð Þ ¼ ∑
xy
P X ; Yð Þ log P X ; Yð Þ

P Xð ÞP Yð Þ ð1Þ

4.2 Recursive feature elimination

Feature Selection is one of the most important concepts in
machine learning. Feature selection methods play a significant

0 200 400 600 800 1000 1200 1400

No Turnover

Turnover

Turnover
Fig. 1 Employee turnover
number
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role in the optimal performance of learning models. One of
these feature selection methods is the Recursive Feature
Elimination (RFE) method. The characteristics that a machine
learning engineer or data scientist uses to teach a machine
learning model will have a tremendous impact on the perfor-
mance, accuracy, and optimal performance of the implement-
ed system. Also, unrelated or somewhat related features can
harm system performance.

The Recursive Feature Elimination method is a greedy
method for selecting features. In this method, the features
are selected retrospectively by considering smaller and small-
er sets of features (in each step). In this method, features are
ranked based on the order in which they are removed from the
feature space. RFE requires a certain number of features to
maintain, however it is often not clear in advance how many
features are optimal. However, as with other methods, we
found nine of the most influential variables on employee
turnover.

4.3 Best-worst method

Best-Worst Method (BWM) is a Multi-Criteria Decision-
Making techniques based on the pairwise comparison in var-
ious fields such as green innovation [8], evaluation and

selection of technology [20], evaluation and selection of tech-
nology [24], evaluation of research performance has been
used [23]. BMW can reduce inconsistencies in results and
reduce the number of pairwise comparisons required [12].

The concept and objectives of this method are described in
the following sections.

Suppose we have n criteria and we want to make a pairwise
comparison matrix, in fact, gaining the weight of each criteri-
on starts from this part. As it is shown below, each element of
this matrix shows the relative preference of the criteria over
each other; moreover, the pairwise comparison matrix will be
filled by the decision-maker (DM) by using the number be-
tween 1 to 9 scales. For instance, aij is the relative preference
of criterion i to the criterion j. If aij = 1, it shows that criterion
i and criterion j have the same importance and ifaij > 1, it
shows that i is regarded as much more important one. If aij =
9, it is an indication of extreme importance of I to j [21].

A ¼
a11 a12
a21 a22

⋯ a1n
a 2n

⋮ ⋱ ⋮
an1 an2 ⋯ ann

0
BB@

1
CCA ð2Þ

Considering the cross-matrix property, (n − 1)/2 pairwise
comparison is performed to complete the above-mentioned
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matrix. The consistency of the matrix is high. The literature on
the matrix of consistent pairwise comparisons is shown as
follows:

aik � akj ¼ aij ; ∀i; j ð3Þ

The topic we talked about above was the basics of the
pairwise comparison matrix. Still, we didn’t answer a ques-
tion, and that one is related to the assurance and reliability of
this matrix. To use experts’ ideas, we need to be sure that those
ideas are not biased and eventually can express the strength of
criterion i to criterion j appropriately. The Best-worst method
is introduced by [21] to obtain the weights of each criterion by
comparing the other’s criterion with the best one and also
comparing them with the worst, so by applying this method
DM can express his preferences more easily. At last, the com-
paring process will be simplified.

In this section, we describe the BWM steps for extracting
the weight of criteria [21].

Step 1. In this step the decision criteria are determined.
Criteria {c1, c2, c3, …cn} have been considered for deci-
sion making.
Step 2. We have to find the best criterion and the worst
criterion. The DM will specify the most important or
desirable as well as the lowest criteria.
Step 3. To highlight the preference of the best one over
other criteria, a number between 1 and 9 is assigned to
each criterion. This will, at last, make the best-to- others
vector.

AB ¼ aB1; aB2;…; aB2ð Þ ð4Þ

Step 4. To highlight the preference of the worst one over
other criteria, a number between 1 and 9 is assigned to
each criterion. This will, at last, make others- to-worst
vector.

Aw ¼ aw1; aw2;…; awnð ÞT ð5Þ

Step 5. In the last step, we get the desired weights (w1,
w2, w3,…wn). The optimal weight for each criteria is the
one for which wB

W J
=aij and also w j

WW
=ajW.

To meet the requirements mentioned for obtaining crite-
ria’s weights, the maximum absolute differences j wB

W J
-aij∣, j

w j

WW
-ajW∣ for all j needs to be minimized. Hence the model is

shown in Eq. 5:

minmax
j

WB

W j
−aBj

����
����; W j

Ww
−ajw

����
����

� �
s:t:∑

j
W j ¼ 1W j ≥ 0; far all jð6Þ

The linear form is also obtained as:

min ξ
s:t:

WB

W j
−aBj

����
����≤ ξ for all j

W j

Ww
−ajW

����
����≤ ξ for all j

W j ≥ 0; far all j

ð7Þ

4.4 Genetic algorithm

One of the Metaheuristic algorithms that is used to find the
optimal formula for predicting or matching the pattern is the
Genetic Algorithm. This algorithm uses biological techniques
such as inheritance, biological mutation, and Darwin’s princi-
ples of choice. In many cases, Genetic Algorithms are referred
to as function optimizers. This algorithm is used to optimize
objective functions of various problems. The implementation
of a genetic algorithm usually begins with the production of a
population of chromosomes that are usually randomly gener-
ated. Next, the generated data structures, or chromosomes, are
evaluated. Chromosomes that can better represent the Optimal
Solution to a problem have a better chance of Reproduction
than weaker answers. It can be said that the opportunity for
reproduction is assigned to these chromosomes. The goodness
of an answer is usually measured against the population of the
current candidate’s answers.

Changes in chromosomes occur during the reproductive
process. Parent’s chromosomes are exchanged randomly
through a special process called crossover. Thus, children in-
herit and display some of the traits or characteristics of the
father and some of the traits or characteristics of the mother.
There is a process called mutation that causes changes in the
properties or characteristics of living things. This process rare-
ly occurs between modes. On the other hand, sometimes there
may be an error in the process of copying chromosomes,
which is called mitosis. Mutations can lead to newer and more
graceful species of living things.

To solve the problem of feature selection using a ge-
netic algorithm, a space is selected by coding each person
and its degree of competence is calculated according to
the degree of class resolution in that space. In each exper-
iment, the genetic algorithm is run several times with
different initial populations. Finally, after several runs,
the best person will select. The genetic algorithm has fea-
tures compared to other methods.

This algorithm does not work directly with the variables
themselves, but with the coded decision variables, and does
not start with a single point, but with a set of points. Also, this
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algorithm does not use computational rules but uses random
transfer. The genetic algorithm uses only the output informa-
tion of the competency function and does not use derivatives
or other ancillary information.

4.5 Gray wolf optimizer

The Gray Wolf Algorithm Optimizer (GWO) is a Meta-
heuristic algorithm first introduced in 2014 [14, 17]. This al-
gorithm is inspired by the hieratical hierarchical structure and
social behavior of gray wolves. GWO is population-based,
has a simple process, and can be easily generalized to large-
scale problems. Gray wolves prefer to live in a group, and
each group has an average of 5–12 members. There are 4
degrees in each herd of wolves. The leader wolf is called
Alpha (the fittest solution). The wolf beta (the second-best
solution) is a wolf that follows the alpha wolf and is prone
to be chosen instead of the alpha wolf in the decision-making
process. Wolf Delta (the third-best solution) follows the wolf
alpha and beta. After selecting these three wolves, the other
wolves fall into the category of omega wolves (the rest of the
candidate solutions). In the GWO algorithm, these wolves
mentioned as α, β, δ and ω.

In explaining the GOW, we can say that this algorithm
consists of 3 main steps. The first step involves tracking and
approaching. The second step is pursing and encircling, and
the third one is attacking.

According to the Yu, Xu, Wu, and Wang [31] when the
prey is surrounded by wolves and stops moving, the attack is
led by alpha wolf. Modeling of this process is done using the

reduction of the a!. Since A
!

is a random vector in the

interval [−2a, 2a], as decreases, the coefficient A
!

also de-
creases. If ∣ A ∣ < 1, the wolf alpha will approach the prey
(and the rest of the wolves), and if ∣ A ∣ > 1 the wolf will
stay away from the prey (and the rest of the wolves). The gray
wolf algorithm requires all wolves to update their position
according to the position of alpha, beta, and delta wolves.
During the hunt, gray wolves surround the prey. The mathe-
matical model of the siege behavior is shown in Eqs. 8 and 9.

In these equations, t represents the current iteration, A
!

and C
!

represent the coefficient vectors, X p
��!

represents the prey po-

sition vector, and X
!

represents the gray wolf position vector.

D
!¼ C

!��� :X
!

P tð Þ−X! tð Þ
��� ð8Þ

X
!

t þ 1ð Þ ¼ X
!

p tð Þ−A!:D
! ð9Þ

A
!

and C
!

are calculated as A
!¼ 2 a!: r!1− a! and

C
!¼ 2: r!2. In these relations, the variable a decreases linearly
from 2 to 0 during the iterations, and r!1, r!2 are random
vectors in the range [0, 1]. Attracting operations are usually

led by alpha. Beta and delta wolves may occasionally partic-
ipate in hunting. In the mathematical model of gray wolf hunt-
ing behavior, we hypothesized that alpha, beta, and delta have
better knowledge of prey potential positions. The first three
solutions are best stored and the other agent is required to
update their positions according to the position of the best
search agents according to the following Eqs. 10, 11 and 12.

D
!

α ¼ C
!

1:
��� X

!
α−X

!���; D!β ¼ C
!

2:
��� X

!
β−X

!���; D!δ

¼ C
!

3:
��� X

!
δ−X
!��� ð10Þ

X
!

1 ¼ X
!

α− A
!

1: D
!

α

� �
; X
!

2 ¼ X
!

β−A
!

2: D
!

β

� �
; X
!

3

¼ X
!

δ− A
!

3: D
!

δ

� �
ð11Þ

X
!

t þ 1ð Þ ¼ X
!

1 þ X
!

2 þ X
!

3

3
ð12Þ

C
!

is considered as an obstacle in nature that slows down
wolves approaching prey. C

!
gives weight to the prey and

makes it more inaccessible to wolves. Unlike a!, this vector
does not decrease linearly from 2 to 0.

5 Performance evaluation

In this part, some machine learning algorithms such as
Logistic Regression, Decision Tree, Random Forest,
Gradient Boosting, Super Vector Machine, and Adaptive
Boosting, were used to check the accuracy of the results ob-
tained from Mutual Information, Recursive Feature
Elimination, Best-Worst Method, Genetic Algorithm and
Gray Wolf Optimizer. Evaluation of prediction models has
been done using F1-score.

5.1 Logistic regression

One of the algorithms used for classification problems is lo-
gistic Regression. Logistic regression is a type of regression
that is used to provide solutions for problems with binary
objective variables. Logistic Regression uses to classify these
problems. Equation 13 is shown the logistic Regression for-
mulation. In this equation, y is the estimated value for the
dependent variable, which is represented by Eq. 14.
Equation 14 represents a simple linear regression equation.
In this equation, b represents the width of the origin, and b-
1 represents the slope of the line.

p ¼ 1

1−e−y
ð13Þ

y ¼ b0 þ b1x ð14Þ
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5.2 Decision tree

The Decision Tree is one of the most widely used tools and
techniques in data mining skills and can be used for both
classification and regression problems. This approach is wide-
ly used by project managers and business analysts because, it
is a utilizable tool for decision making, and it can show well
the complexity between variables. It can also examine large
volumes of data in a short amount of time by eliminating
unnecessary comparisons. In general, each tree contains roots,
nodes, leaves, and branches. The highest node in the tree is
called the root node and represents the set of all samples.
Nodes represent a set of samples and specify divisions. In
other words, the tree is divided according to the middle nodes.
The branches of the tree represent possible outcomes. Finally,
the leaves represent the nodes of the class or target states.

Also, items such as the number of nodes, the number of
leaves, the number of characteristics to be considered, and the
depth of the roots determine the size of each decision tree,
which is usually due to the smaller volume making the deci-
sion tree more understandable. They control it by pruning.

Decision Tree algorithms start with selecting a test to per-
form the best separation for the categories, and it will be re-
peated for all other nodes. The Decision Tree can be built
using several algorithms. Here we used entropy as the division
criterion. If we classify the members of a set into k categories
and pkshows the probability that the members belong to the k
category, the expected information that is needed for the mem-
bers to belong to the correct category is called entropy.
Equation 15 shows the relationship of entropies. If the sample
is completely homogeneous, the entropy is zero, and if the
sample is the same, the entropy is one. In other words, the
most entropy degree occurs when the probability of belonging
to all categories is equal. It is necessary to calculate two types
of entropy in the process of constructing each decision tree,
which is entropy using the frequency table of one property and
entropy using the frequency table of two properties, respec-
tively. Equation 16 also shows the relationship of the Gini
Index. The Gini Index is a statistical measure of distribution
that measures the degree or likelihood of misclassification of a
particular variable by random selection.

Entropy p1; p2;…; pkð Þ ¼ −∑p1 log2 p1ð Þ ð15Þ

IG ¼ 1− ∑
C

J¼1
P2

J ð16Þ

5.3 Random Forest

One of the multipurpose machine learning algorithms is the
Random Forest. This algorithm can perform both classifica-
tion and regression methods. The Random Forest algorithm is

made up of several Decision Trees. It can be said that a set of
Decision Trees together produce a forest. Each Decision Tree
is unique to the Random Forest, which reduces the overall
variance of the Random Forest classifier. The Random
Forest algorithm can make better decisions than a Decision
Tree. In other words, RandomForest decisions are more stable
and reliable than a tree. Especially when each of the trees is
not correlated with each other. The Random Forest collects
the decisions of individual trees through a voting scheme such
as a majority vote that is, for each observation, each tree de-
cides on a group of votes, and selects the group with the
highest number of votes. Random Forest has some adjustment
parameters that can be optimized. These include the number
of trees, the number of predictor variables randomly selected
in each node, the ratio of observations for example in each
Decision Tree, and the minimum number of observations in
the final node of the Decision Tree. Random Forrest algo-
rithm, like the decision tree, consists of two important con-
cepts: Entropy and information gain which are shown in Eq.
15, and 16.

5.4 Gradient boosting

Gradient Boosting is one of the ensembles learning techniques
for both regression and classification. Each iteration of the
training set that is randomly selected is checked from the base
model of the gradient boosting algorithm. The speed and ac-
curacy of the gradient for execution can be improved by ran-
domly sub-sampling the training data. It is also can help to
prevent over-fitting. The smaller fraction of training data can
increase the regression’s speed because the model has to fit
smaller data at each iteration.

In Gradient Boosting regression, we required some tuning
ntrees and shrinkage rate. ntrees shows the number of trees
that have to be grown, the value of ntrees should not be set to
too small. The shrinkage parameter is often known as the
learning rate applied to each tree in the expansion. In gradient
boosting it is invariant to the scaling of inputs and it can learn
higher-order interactions between features. Different from
other tree ensemble methods, gradient tree boosting is trained
in an additive manner. The other tree that is grown at each
time step t to minimize the residual of the current model [2].
Formally, the objective function can be described as Eq. 17. In
this Equation, L shows the loss function that measures the
difference between the label of the i − th instance yi and the
prediction at the last step plus the current tree output. Ω(ft) is
the regularization term that penalizes the complexity of the
new tree.

L tð Þ ¼ ∑
n

i¼1
L yi; byit−1 þ f t xið Þ
� 	

þΩ f tð Þ ð17Þ
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5.5 Super vector machine

Support Vector Machine (SVM) is one of the supervised
Machine Learning algorithms that is used for both regression
and classification problems. When we use this algorithm with
random forest algorithms or other machine learning tools, this
algorithm can provide a very compelling model for data clas-
sification. A backup machine algorithm is a great option when
high predictive power is required. In the training phase, the
SVM algorithm tries to select the decision boundary in such a
way that the “minimum” distance, boundary, Decision-
Making, or separator is maximized with each of the catego-
ries. In other words, the margin model is more reliable.
According to Zhang, Zheng, Pang, and Zhou [32] the SVM
would build a Hyperplane H when y is the list of targeted
applications or classes that Eq. 18 shows this formulation. In
this Equation, x is the input from net flow data, a shows the
vector of the weights for each flow feature, b shows the bias
term and ∅(0) is fixed feature-space transformation.

H : aT∅ xð Þ þ b ¼ 0 ð18Þ

In this algorithm, the problem is to find the Hyperplanes H
that separate different classes, and the SVM assumes that the
classes are linearly separable.

5.6 Adaptive boosting

Adaptive Boosting (AdaBoost) is one of the most successful
amplification algorithms for binary classification. AdaBoost is
generally used with small Decision Trees. Each input training
Dataset is presented and labeled as in Eq. 19. In this Equation
n is training data set size, xi ∈ T and yi ∈ {−1, 1}. In this
algorithm, each training sample of data could be a point in a
multidimensional feature space.

x1; y1ð Þ; x2; y2ð Þ;…; xn; ynð Þ ð19Þ

AdaBoost can implement a probability distribution over all
the training samples of data. This distribution could be mod-
ified by iterations with a new weak classifier to the data.Dt(xi)
shows the probability distribution and the successive iterations
is shown by T. In this algorithm ht is the weak classifier cho-
sen for the iteration t. ht(xi) denoted the class label assigned by
xi. After comparing ht(xi) with yi for i = 1, 2, …, n we will
have an error that we noted it ϵi. This error shows the classi-
fication error rate for the classifier ht. Each classifier candidate
is trained over iterations using a subsample of all the training
data provided by the Dt(x) probability distribution. The higher
the probability of Dt(x) for a given training sample x, the
greater the chance of selecting it for the instruction of candi-
date h(t) classifier. The htmust be selected in a way to mini-
mize the amount of misclassification rate ϵ. The trust level αt,

of the weak classifier in which we trust, is the point of the
AdaBoost algorithm. The bigger the value of error, ϵt for a
classifier, the lower the trust must be. Eq. 20 shows the rela-
tion between αt and ϵt.

αt ¼ 1

2
ln
1−ϵt
ϵt

ð20Þ

The trust level of the candidate classifier h(t) will get a
value in the scale of −∞ and∞, if the epsilon rate gets closer
to 1 starting from 0. If the ϵ gets closer to 1, the weak classifier
almost completely fails on the overall training Dataset. If the
ϵ gets closer to 0, the weak classifier will be powerful as also
stated. Finally, the classifier H will be obtained. After n itera-
tions,H classifier in the AdaBoost will be evaluated as shown
in Eq. 21.

H xð Þ ¼ sign ∑
k

t¼1
αt:ht xð Þ

� 	
ð21Þ

In this Equation x shows the new data element. This data
element denotes as information strength in the training data.
For example, if we have a binary classification and H(x)
would be positive, then the prediction class would be 1, oth-
erwise, it would be −1.

5.7 Evaluation of machine learning models

The F1-score is a machine learning metric that can be used in
classification models. Although there are many metrics for
classification models, the F1-score is a common metric that
captures class imbalance well and has a very simple function.
Another criterion used in classification problems is accuracy,
but it works well for data that is perfectly balanced and has no
class bias or imbalance. The evaluation of machine learning
models in this study is done using the F1-score, because in
addition to the fact that our data is imbalanced (From the total
number of employees, 237 employees have left their jobs),
that is, the ratio of our 1 and 0 variables is not equal to one
another, we are looking to identify the number of people who
left the organization and we want identified them correctly.
Since the accuracy criterion cannot distinguish between False
Negative and False Positive errors, we have used F1-score to
check the performance of machine learning models. Since in
some problems, Recall and Precision are both very important
factors, criterion F1-score is used. They are also the basis of
F1-score, which means that the F1-score is actually a balanced
combination of Precision and Recall, and can be used in cases
where the cost of false positives and false negatives is different
[36].

In this study, we seek to correctly identify the people who
leave the organization. The higher the ratio of False Negatives
(cases that we expected to be predicted but were not correctly
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Fig. 3 Feature Importance in Mutual Information

Fig. 4 Feature importance of Recursive Feature Elimination
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predicted) to True Positives (correct predictions), the lower
the Recall value. On the other hand, the higher the number
of False Positives (cases that the Athens model has incorrectly
predicted) compared to True Positives (correct predictions),
the lower the Precision will be. In fact, the higher the number
of false diagnoses of the program, the lower its recall, and the
higher the number of things that should be obtained but not
predicted, the lower the precision. The F1-score is equal to the
geometric mean of these two criteria. It can be said that, the
F1-score is a suitable criterion for evaluating the accuracy of
our models because, considering the large volume of our data,
this test, in addition to considering the Precision and Recall
criteria together, only needs to train the model once. Using the
k-foldmethod can be very useful, but it is usually used for data
whose volume is small because by increasing k, this method
leads to the training of more models and turns the training
process into a costly and time-consuming process.

The classification process has two phases, Train and Test.
In the Train phase, the data in the dataset are selected as train-
ing data, and in the Test section, the remaining data are used
for testing and validating the selection. In the test phase, the
patterns whose labels are not known are given to the system
and the designed system predicts their output or labels with
the help of the learned function. The data in this article are
divided into two parts with the ratio of 25–75 to the train set
and test set. Also, the performance of the MCDM techniques,
Meta-heuristic, and Feature Selection models were evaluated
by F1-score in prediction models. These tests are calculated
based on recall and precision. True positive (Tp) counts the
number of positive instances that are classified correctly. The
number of negative instances that are classified correctly
counts in true negative (Tn). False positive (Fp), means the
number of negative instances that are classified as positive
and also false negative (Fn), shows the number of positive
instances that are classified as negative. Finding the exact
point for the classifier on which the number of true positives

is maximum, and the number of true negatives is minimum
makes our objective. Recall shows how much the system is
capable of classifying. Precision, Recall, and F1 score can be
calculated as Eq. 22, 23 and 24.

Precision ¼ Tp

Tp þ Fp
ð22Þ

Recall ¼ Tp

Tp þ Fn
ð23Þ

F1 score ¼ 2� precision� recall
precisionþ recall

ð24Þ

6 Results

6.1 Mutual information

According to Mutual Information, the most influential vari-
able on employee turnover is the years with the current man-
ager. Nine of the most influential variables that we also used
for the prediction model are years with the current manager,
gender, distance from home, hourly rate, total working years,
years at the company, work life balance, environmental satis-
faction, and job level. Figure 3 shows the feature importance
in Mutual Information. In this Figure, the more important a
feature is, the higher its graph. As shown in the Fig. 3, some
features, such as business travel and departments, do not affect
the employee turnover.

6.2 Recursive feature elimination

Mutual Information gives us the importance and the Score of
features. In Mutual Information, the higher the numerical val-
ue of a feature, the more important that feature is. Unlike the
Mutual Information method in the Recursive Feature

Table 1 The expert weight of best criteria

The score of best
criteria to other

Job
level

Job
satisfaction

Monthly
income

Relationship
satisfaction

Total
work
years

Work life
balance

Years at the
company

Years since last
promotion

Years with
current manager

Job satisfaction 9 1 5 6 4 5 4 6 4

Table 2 The expert weight of the worst criteria

The score of other
criteria to the worst

Job
level

Job
satisfaction

Monthly
income

Relationship
satisfaction

Total
work
years

Work life
balance

Years at the
company

Years since last
promotion

Years with
current manager

Years with current
manager

5 4 5 9 7 7 4 9 1
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Elimination method, we have a ranking of features. Features
with ranking one are the most effective features on employee
turnover. According to this method, age, business travel, daily
rate, distance from home, education, gender, work life bal-
ance, distance from home, job environment, and monthly rate
are the most influential variable on employee turnover. The
feature importance of Recursive Feature Elimination is shown
in Fig. 4.

6.3 Best-worst method

Among 31 features, our expert has selected 9 of the most
significant features that affect employee turnover. Among
these 9 significant criteria, our expert identified the most in-
fluential criteria (best criteria) and the least influential criteria
(worst criteria) on the employee turnover. In the next step, by
using the number 1 to 9, he weighs the other variables against
the worst and the best criteria. Table 1 shows the weight of the
variables relative to the best criteria, and Table 2 shows the
weight of the variables relative to the worst criteria. The
criteria that are used for the BWM method are job level, job
satisfaction, monthly income, relationship satisfaction, total
work years, work life balance, years at the company, years
since the last promotion, and years with the current manager.
The best criteria are job satisfaction and the worst criteria are
years with the current manager. These results show that with
the weight of 0.30658026, job satisfaction has the most effect
on employee turnover.

Table 3 shows the standard effectiveness coefficient in the
employee turnover and the weights obtained by the BWM for
each criteria.

6.4 Meta-heuristic algorithms

Genetic Algorithm and Gray Wolf Optimizer are two
Meta-heuristic Algorithms that are used to find the factors
identification on employee turnover. The results of the
Genetic Algorithm show that age, department, education
field, job level, job role, job satisfaction, monthly income,
overtime, and years in the current role are the most signif-
icant factors. Gray Wolf Optimizer shows that distance
from home, job role, monthly income, number of compa-
nies worked, overtime, years at the company, years in the
current role, years since last promotion, and years with the
current manager are the most significant factors. The GWO
shows that the Employees whose homes are 4–6 miles far
away from the company make up 10% of all employee
turnover at the company. In the field of job roles, managers
and human resources also have the most employee turn-
over rate in the organization. Managers also make up 4%
and Human Resources 23% of the organization’s employee
turnover rate. Also, people who work with their managers
for 1 or 6 years and employees who have overtime are
more likely to leave their jobs.

Some of these features are the same in both algorithms.
One of these features is monthly income. The monthly income
of $2000–3000, has a high employee turnover rate and this
represents 40% of the employee turnover in the company.
1000–2000monthly income, which has a high employee turn-
over in its income, is 54.5%. As monthly income increases,
the employee turnover rate decreases. However, at a monthly
income of $900–11,000, there is an increase in turnover com-
pared to the monthly income itself. Table 4 shows statistical
information on employee monthly income.

Overtime is another common feature of these two algo-
rithms. 30.5% of employees who have overtime work in the
company left their job, which includes 53.5% of all employee
turnover in the companies. Although only 10% of people who
do not have over time have left their jobs, they account for
46% of the total employee turnover rate in an organization. By
comparing both groups, overtime employees are much more
likely to leave the company. Table 5 shows statistical infor-
mation on employee overtime.

Table 3 The weights obtained from the BWM

Job level Job
satisfaction

Monthly
income

Relationship
satisfaction

Total work
years

Work life
balance

Years at the
company

Years since last
promotion

Years with
current manager

Weights 0.05483549 0.30658026 0.09870389 0.08225324 0.12337986 0.09870389 0.12337986 0.08225324 0.02991027

Table 4 Statistical information of employee Monthly Income

Monthly
Income

Total
Employee
Number

Turnover
Number

% of
Employee
Turnover in
the Company

% of Employee
Turnover in the
Monthly Income

1000–2000 33 18 7.594937% 54.545455%

2000–3000 362 95 40.084388% 26.243094%

3000–4000 148 24 10.126582% 16.216216%

4000–5000 206 26 10.970464% 12.621359%

5000–7500 310 30 12.658228% 9.677419%

7500–9000 78 10 4.219409% 12.820513%

9000–11000 118 22 9.282700% 18.644068%

11000–15000 82 7 2.953586% 8.536585%

15000–20000 133 5 2.109705% 3.759398%

16321Effective machine learning, Meta-heuristic algorithms and multi-criteria decision making to minimizing...



7 Discussion

As mentioned before, we usedMutual Information, Recursive
Feature Elimination, Best-Worst Method, Genetic Algorithm,
Gray Wolf Optimizer to identify the factors affecting employ-
ee turnover. In this section, we are looking for a comparison
between the results of the above algorithms. In summary,
Table 6 shows the factors affecting the departure of employee
turnover by these algorithms.

We used different classification algorithms to check the
accuracy of the features selected by MCDM, Genetic
Algorithm, Gray Wolf Optimizer, Mutual Information, and
Recursive Feature Elimination results. Logistic Regression,
Decision Tree, Random Forest, Super Vector Machine,
Gradient Boosting, and Adaptive Boosting are the algorithm
that we used for prediction. By predicting this data, we obtain-
ed the accuracy of each method on employee turnover and
have a tradeoff between the results of each method. The re-
sults of these predictions are shown in Table 7.

As shown in Table 7, we once predicted the employee
turnover using the entire Dataset, once we predicted the em-
ployee turnover with results of BWM, Genetic Algorithm,
Gray Wolf Optimizer, Mutual Information, and Recursive
Feature Elimination. The Total Improvement of the prediction
model by the best algorithm is shown in the last column. For
example, in the Decision Tree model, the use of 9 features that
the Mutual Information algorithm considers to be the most

influential variables on employee turnover has been able to
give better performance to our model than using all the fea-
tures. In other words, its Total Improvement has grown by
0.0494%. Among BWM methods, Genetic Algorithm,
Mutual Information, and Recursive Feature Elimination re-
sults, the method that has shown better and more efficient
results in most algorithms is the Mutual Information algo-
rithm. Figure 5 shows a comparison diagram of the results
of the prediction models.

As shown in Fig. 5, the most accurate among the proposed
models is Algorithm Mutual Information algorithm. The
criteria selected by this algorithm are years with the current
manager, gender, distance from home, hourly rate, total work-
ing years, years at the company, work life balance, environ-
mental satisfaction, and job level. When the results of this
algorithm are used in machine learning models, the F1-score
of most algorithms such as algorithm Logistic regression,
Decision Tree, Random Forest and Super Vector Machine
has increased compared to using all algorithms. Figure 6
shows these results well.

Using the suggested variables of Mutual Information can
show better results in all machine learning algorithms than
other algorithms in predicting the employee turnover. In all
algorithms, including Gradient Boosting and Adaptive
Boosting, which had shown weaker results compared to using
all features, they have been able to show better results. In
Adaptive boosting algorithm, the results of Mutual

Table 5 Statistical information of
Employee Overtime Over

time
Total Employee
Number

Turnover
Number

% of Employee Turnover in
the Company

% of Employee Turnover in
the Over Time

No 1054 110 46.413502% 10.436433%

Yes 416 127 53.586498% 30.528846%

Table 6 Result Trade-off Table

Mutual Information Recursive Feature
Elimination

Best-Worst Method Genetic Algorithm Gray Wolf Optimizer

years with the current
manager

age job level age distance from home

gender business travel job satisfaction department job role

distance from home daily rate monthly income education field monthly income

hourly rate distance from home relationship satisfaction job level number of companies
worked

total working years education total work years job role overtime

years at the company work life balance work life balance job satisfaction years at the company

work life balance gender years at the company monthly income years in the current role

environmental satisfaction job environment years since the last promotion overtime years since last promotion

job level monthly rate years with the current
manager

and years in the current
role

years with the current
manager
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Information and Recursive Feature Elimination are almost
equal. The comparison of Mutual Information with BWM
shows much better results in all machine learning models.
Figure 7 shows a tradeoff between the results of two
algorithms.

Using the results of Mutual Information compared to the
results of Genetic algorithm and GWO in machine learning
models, has been able to show much better results. Figure 8
shows a trade-off between the results of Mutual Information,
Genetic algorithm and GWO.

Some of these features are common to some algorithms.
There are 4 categories bad, best, better and good for work-life
balance in this company. Throughout the company, work-life
balance is satisfactory generally. But we have the highest em-
ployee turnover number and percentage throughout the com-
pany. 127 of the 893 people who are in a better category of
work life balance have left the organization. This means that
14% of the employees who have a better work life balance left
the organization and 53.58% of people who have left the

organization are in the better category of work life balance.
It should be noted that a total of 31.25% of people with bad
work-life balance left the organization, which is a significant
percentage. Table 8 shows statistical information on work-life
balance in the company. The tradeoff of employee turnover
according to work-life balances and the impact of work-life
balances on employee turnover is shown in Fig. 9.

This company has five job levels. At job level 5, 5 em-
ployees of 69 employees have left their jobs, which includes
2.1% of all employee turnover in the company, and 7.2% of
employees with job category 5 have left their jobs. By increas-
ing job levels, there is a decrease in employee turnover num-
ber throughout the company. As the results show in Fig. 5 and
Table 6, the highest turnover rate is observed in job level 1.
143 employees in job level 1, who compose 60.3% of all
employee turnover, left the company. Table 9 shows statistical
information on employee job levels. The tradeoff of employee
turnover according to job level and the impact of job level on
employee turnover is shown in Fig. 10.

Table 7 Results of Prediction Models

All
Features

Mutual
Information

Recursive Feature
Elimination

BWM Genetic
Algorithm

GWO Total
Improvement

Logistic regression 0.816687 0.837067 0.832493 0.788572 0.833074 0.825792 0.0250

Decision Tree 0.784938 0.841585 0.750696 0.773001 0.79717 0.79250 0.0722

Random Forest 0.821058 0.841129 0.803081 0.782144 0.827831 0.823401 0.0244

Super Vector
Machine

0.810444 0.839416 0.823767 0.770328 0.834032 0.830987 0.0357

Gradient Boosting 0.847921 0.841412 0.807959 0.784461 0.839441 0.826848 0.000

Adaptive Boosting 0.851632 0.825090 0.825792 0.789016 0.824271 0.802664 0.000

Fig. 5 Comparison of classifiers with different feature selection
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With 31.6% of all employee turnover at the company, em-
ployees who don’t fulfill their first year and in their first year
in their current role are more likely to leave the company. The
genetic algorithm also confirms this result. with36.7% of all
employee turnover at the company, the employees who have
2–5 years of experience have the maximum employee turn-
over rate. Moreover, after many years in the current position,
the employee is ready to leave the company. Table 9 shows
statistical information of years at the company. Table 10

shows the statistical information for years at the company.
The tradeoff of employee turnover according to years at the
company and the impact of years at the company on employee
turnover is shown in Fig. 11.

With 35.8% of all employee turnover at the company, most
of the employees leave the company before completing their
first year with their current manager. After that, the employee
who worked two years with the current manager leaves the
company. That includes 21% of all employee turnover in the

Fig. 6 Comparation results of Mutual Information Vs. all features
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Fig. 7 Tradeoff between Mutual Information, Recursive Feature Elimination and BWM
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company.With 13% of all employee turnover at the company,
the employees who work seven years with the current manag-
er leaves the company. Table 11 shows the statistical informa-
tion for years with the current manager. The tradeoff of em-
ployee turnover according to years with the current manager
and the impact of years with the current manager on employee
turnover is shown in Fig. 12.

7.1 Managerial insight

As indicated in the results, there are fourmain factors affecting
employee turnover within the companies: Work-life balance,
Job level, years with the company, and years with the current
manager.

By putting all these results together, it can be highlight-
ed that the early stages of employee engagement with the
company are vital in several manners. The employees are
more likely to leave the company in their early years of
working, which can make their satisfaction levels and

commitment levels of them in the early years a crucial
factor for retaining them. Due to these facts, the authors
suggest companies invest in increasing the satisfaction and
commitment levels, by designing and benefitting from pro-
ductive onboarding programs as well as their employer
branding. An effective onboarding program specifically
in an era in which the workplace is changing its nature, is
a tailored authentic experience for employees that would
affect their purpose and elevate their energy and perfor-
mance. After all, employees are seeking for fulfilling their
purpose, trust and social bonding in their careers.

Also, it is worth mentioning that due to the results, after
5 years of working employees are less likely to leave the
company, which can be referred to as the importance of the
early years of employees’ experiences with the company- how
the employer has created their unique experience in the work-
place bundled and multiplied by the employer brand within
the market.

Also, considering the job level and years with the current
manager as another vital affecting factor on employee turn-
over, it can be referred the importance of succession planning
and career progress within the job. The more the employees
feel their career progress in the company the less they are
likely to leave. This factor also can be referred to as the fact
that finding a meaning in employees’ everyday jobs, as well
as, living their purpose through their job is an effecting under-
lying factor for creating commitment and decreasing the turn-
over. However, since the factor of employee generation seems
to be affecting in purpose and meaning of the job, the authors
suggest that it can be determined through separate research for
complementary purposes.
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Fig. 8 Tradeoff between Mutual Information, Genetic algorithm and GWO

Table 8 Statistical information of Work Life Balances

Work
life
balance

Total
employee
Number

Turnover
number

% Of Employee
Turnover in
Company

% Of Employee
Turnover in theWork
Life Balance

Bad 80 25 10.548523% 31.25%

Best 153 27 11.392405% 17.647059%

Better 893 127 53.586498% 14.221725%

Good 344 58 24.472574% 16.860465%
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On the other hand, tomake the employees’ progress fruitful
and meaningful it seems necessary for companies to invest in
their leadership development by conducting different leader-
ship development programs to minimize the risk of em-
ployees’ dissatisfaction with their current managers through
better leadership, also, managers need to hold a crystal clear
plan for their employees’ career path and growth journey
which may result in a better-satisfied employee in their early
stages through progressing in their job level. The mentioned
leadership development programs can be conducted by sever-
al training and consulting firms in a variety of concepts. From
result driven leadership programs to conscious leadership and
self-realization, that may vary in use based on the nature of the
work, company culture and the most important the employees
themselves. However, it’s vital to mention that a well-defined
and structured talent journey plan, based on the competency
model, would affect in engaging multi layers of employees in
different development programs as well as, clearly communi-
cating the growth roadmap for them.

Finally, the work-life balance as indicated in the results has
a considerable effect on the turnover. Although at a glance it
may come to one’s mind that the better the work-life balance
the more the employees are likely to leave, it’s absolutely
important to mention that due to the results, 31.25% of em-
ployees with bad work-life balance are intended to leave the
company. This brings the fact that the companies are going to
need to invest in creating and maintaining a culture of work-

life balance security and to improve it via broad communica-
tion through the organization and creating rituals for it.

In conclusion, by investing in creating better employer
brands, better effective onboarding programs, clarifying better
career paths and succession planning for early years joiners of
the company, and maintaining all by enriching everyday ex-
perience via better leadership and better work-life balance
rituals, it seems to be able to minimize the risk of turnover
in employees early years with the company, which would
result in better company culture and employer brand and long
run, minimize the investments spent by companies on
retaining right talents.

7.2 Contributions, limitations, and future works

There are many factors that directly and indirectly affect the
employee turnover and can impose a lot of costs on organiza-
tions. On the other hand, in some cases, the departure of hu-
man resources can be the result of the manager’s wrong deci-
sions. For this purpose, identifying the factors affecting the
employee turnover has been one of the most important chal-
lenges for managers, so that by providing appropriate man-
agement approaches, they can reduce the rate of departure of
human resources in their organizations. In order to identify the
factors affecting the employee turnover, this article has used
three approaches of Meta-heuristic algorithms, Multi-Criteria

Fig. 9 Statistical diagrams of Work Life Balances

Table 9 Statistical information of
employee Job Level Job

Level
Total Employee
Number

Turnover
Number

% Of Employee Turnover in
the Company

% Of Employee Turnover in
the Job Level

Level
1

543 143 60.337553% 26.335175%

Level
2

534 52 21.940928% 9.737828%

Level
3

218 32 13.502110% 14.678899%

Level
4

106 5 2.109705% 4.76981%

Level
5

69 5 2.109705% 7.246377%
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Decision-Making techniques, Feature Selection algorithms in
machine learning.

Multi-Criteria Decision-Making is an advanced field of
operations research dedicated to the development and imple-
mentation of decision support tools and methods. These
methods are very practical tools for managers that can be used
to solve complex decision-making problems such as the exis-
tence of several criteria, goals or objectives with a contradic-
tory nature. In this study, Best-Worst Method has been used to
identify the most influential factor on employee turnover.
There are many problems in various sciences that are of the
optimization type, that is, among a set of possible solutions,
the best solution is sought that maximizes or minimizes the
objective function, which are very large in terms of size and
complexity. In these cases, it takes a lot of time to reach the
definitive optimal solution, and the use of Meta-heuristic al-
gorithms can approach the optimal solutionwith an acceptable
percentage. Genetic Algorithm and Gray Wolf Optimizer
have been used in this article in order to optimize and identify
the factors influencing the employee turnover.

Other methods used are method Mutual Information and
Recursive Feature Elimination, which are part of feature
selection methods. This method helps people to have a
better view of the variables by stating which features are
more important and how the features are related to each
other. All three approaches above are very practical
methods that can be used to identify and optimize the fac-
tors affecting the employee turnover. However, past re-
searches were limited to the use of statistical charts. In
order to evaluate the performance of these methods, the

results have been used in some machine learning algo-
rithms. Machine learning models have been compared with
each other using F1-score, and the most influential factors
on the employee turnover have been identified. Some of
these variables have been the same in different models,
which have been discussed in detail.

However, when using approach Best-Worst Method,
our expert selected 9 of all the features and then evaluated
and ranked them. It is suggested that future researchers
first cluster the criteria into a number of clusters. This
way, you add one level to the hierarchy of the problem,
and solve the problem. Finally, a general weight for all
variables will obtain after doing some pairwise comparison
among the sub-sets. The Meta-heuristic methods used in
this article are limited to methods Genetic Algorithm and
Gray Wolf Optimizer and do not show the priority of the
selected features. Researchers are requested to show the
results of other Meta-heuristic algorithms and their priori-
tization. Researchers can focus on improving the results
and optimizing the Hyper-parameters of the models. It is
suggested to use these methods on the data of other orga-
nizations and compare the results with this study.

The data used in this study is not a time series, which
suggests that these methods should be implemented on time
series data and some deep learning algorithms. It is suggested
to consider fuzzy logic in models or in data. Identifying the
factors affecting the employee turnover can lead to the im-
provement of macro policies of organizations to plan human
resources so that the organization does not face a shortage of
human resources when it is needed. The results of this study
can be used as a decision support tool to improve organiza-
tional strategies and improve manager’s performance. These
results can be used in various mathematical models to opti-
mize human resources.

8 Conclusion

Employee turnover is always one of the main concerns of
managers because it is a kind of loss of capital and is often
the result of poor hiring decisions, and management, and

Fig. 10 Statistical diagram of Job Level

Table 10 Statistical information of Years at Company

Years at
Company

Total
Employee
Number

Turnover
Number

% Of Employee
Turnover in the
Company

% of Employee
Turnover in the
Years at Company

1 215 75 31.645570% 34.883721%

2–5 561 87 36.708861% 15.508021%

6–10 448 55 23.206751% 12.276786%

+10 246 20 8.438819% 8.130081%
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directly affect the organization’s strategic plans. For this pur-
pose, identifying the factors influencing the employee turn-
over is a very practical issue for organizations that have been
limited to using statistical charts. In order to identify the most
influential factors on employee turnover, three approaches are
used in this article, which are Feature Selection, Multi-Criteria
Decision-Making techniques and Meta-heuristic algorithms.
Each of these methods are very practical techniques that can
be available to managers as a tool, and their use in organiza-
tions has been neglected.

Method Best-Worst method is one of the most practical
approaches in Multi-Criteria Decision-Making techniques
used in this article. Our expert weighed the factors
influencing employee turnover using the Best-Worst meth-
od. The results of this method show that job level, job
satisfaction, monthly income, relationship satisfaction, to-
tal work years, work-life balance, years at the company,
years since the last promotion, and years with the current
manager are the most influential factors, respectively. The
Genetic algorithm is one of the Meta-heuristic algorithms,
used for optimization. The results show that age,

department, education field, job level, job role, job satis-
faction, monthly income, overtime, and years in the current
role are the most significant factors. Gray Wolf Optimizer
shows that distance from home, job role, monthly income,
number of companies worked, overtime, years at the com-
pany, years in the current role, years since last promotion,
and years with the current manager are the most significant
factors.

The other method is to use the Feature Selection ap-
proach, which is of the main steps to using the learning
machine. Using two approaches, Mutual Information and
Recursive Feature Elimination, we examined the factors
affecting employee turnover. The results show that in the
Mutual Information method, the most influential factors
are years with the current manager, gender, distance from
home, hourly rate, total work years, years at the company,
work-life balance, environmental satisfaction, and job lev-
el. In the Recursive Feature Elimination method, the most
influential factors are age, business travel, daily rate, edu-
cation, gender, work-life balance, distance from home, job
environment, and monthly rate.

In the next step, the results of Mutual Information,
Recursive Feature Elimination, Best-Worst Method,
Genetic Algorithm, Gray Wolf Optimizer algorithms are
used in machine learning algorithms so that the results
can be applied in predicting the departure of the required
human resources. Used and then compared. The results
obtained in logistic regression, decision tree, random for-
est, super vector machine, gradient boosting and adaptive
boosting are the algorithms used for prediction. Prediction
models using all features have also been implemented and
their results have been compared with each other. The re-
sults of the prediction show that the Mutual Information
algorithm has been able to show better results than using
all the features. The results of a case study based on IBM’s
Dataset show that among these three methods that we used
to identify the factors that affect employee turnover, total
working years, years with the current manager and work-
life balance are common. Managers should pay more at-
tention to these two factors to better control the rate of
employee turnover.

Fig. 11 Statistical diagrams of Years at Company

Table 11 Statistical information of employee Years with Current
Manager

Years
With
Current
Manager

Total
Employee
Number

Turnover
Number

% Of
Employee
Turnover in
the Company

% of Employee
Turnover in the
Years With Current
Manager

0 263 85 35.864979% 32.319392%

1 76 11 4.641350% 14.473684%

2 344 50 21.097046% 14.534884%

3 142 19 8.016878% 13.380282%

4 98 11 4.641350% 11.224490%

5 31 4 1.687764% 12.903226%

6 29 4 1.687764% 13.793103%

7 216 31 13.080169% 14.351852%

8 107 10 4.219409% 9.345794%

9 64 6 2.531646% 9.375000%

+10 100 6 2.531646% 6.00000%
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This approach can helpmanagers and organizations to have
a vision of the future based on data and make the best decision
to plan for their employees. It may not be possible for all
companies to collect and record this Dataset and find these
results, so this research can help the manager and promote a
data-driven decision approach in their organization, especially
in human resource management, and reduce the costs of mak-
ing poor decisions. By doing this, managers can retain their
knowledge workers and prevent unconventional employee
turnover in their company. In other words, the use of data
mining approach, Multi-Criteria Decision Making techniques
and the above results can be used as a decision support tool.
These approaches can influence future decisions by using the
historical data of the organization and reduce the costs caused
by mistakes. Data is increasingly viewed as a corporate asset
that can be used to make informed business decisions, im-
prove marketing activities, optimize business operations, and
reduce costs, with the goal of increasing revenue, profit, and
organizational productivity.

Most of the previous articles that used data to identify fac-
tors were limited to using charts and graphs. We tried to use
other approaches such as using Multi-Criteria Decision-
Making techniques, feature selection algorithms and Meta-
heuristic algorithms. However, there are also limitations in
this research. The Meta-heuristic algorithms used in this arti-
cle do not show the priority of the selected features, and future
researchers are asked to improve it. In addition, in this article,
only two algorithms are used, which researchers are asked to
expand. Therefore, we ask researchers to increase the accura-
cy of this model and add more factors.

In this article, the prediction algorithms are not optimized.
It is suggested that the results after the optimization of the
algorithms should also be examined. Also, by using Best-
Worst Method, our expert selected 9 of all the features and
then evaluated and ranked these features. It is suggested that
first cluster all the features into a number of clusters. In addi-
tion, for future research, we propose to use deep learning
models such as the Convolutional Neural Network algorithm
and Artificial neural network to predict the employee turnover
rate using these features. They can also optimize these results

using Meta-heuristic algorithms. Researchers are also advised
to use mathematical modeling to minimize the employee turn-
over rate. Researchers can predict the employee turnover rate
and use it to optimize, locate and allocate human resources.
They can also findi the features using fuzzy logic.
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