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Abstract

This study investigates the problem of predicting employee turnover rates based
on machine learning algorithms, aiming to help enterprises reduce talent attri-
tion and lower operating costs through data analysis. With the advent of the
knowledge economy era, employee turnover has become a critical factor affecting
enterprise development. High turnover rates not only increase recruitment and
training costs but may also lead to technology resource outflow and customer
attrition, severely impacting enterprise competitiveness and profitability. This
paper first introduces the multifaceted negative impacts of employee turnover
on enterprises, including increased financial costs, disrupted business progress,
and declining team morale. Subsequently, it elaborates on the necessity and fea-
sibility of utilizing machine learning techniques for employee turnover prediction
against the backdrop of artificial intelligence and big data. Through a review
of relevant literature, this study selects three machine learning algorithms—
Naive Bayes, K-Nearest Neighbors (KNN), and Random Forest—to construct
employee turnover prediction models. In the data preprocessing stage, an em-
ployee turnover dataset from the Kaggle website is utilized, containing 1,470
records covering multiple dimensions such as employee basic information, posi-
tion information, compensation and benefits, and job satisfaction. Through data
cleaning and feature selection, irrelevant variables and variables with high multi-
collinearity were removed, retaining key factors influencing employee turnover.
In the model construction and evaluation phase, this study establishes three
predictive models—Naive Bayes, KNN, and Random Forest—and conducts ap-
plicability analysis and parameter optimization. By comparing the predictive
performance of each model, this study ultimately selects the Random Forest
model as the optimal predictive model, which demonstrates excellent perfor-
mance across metrics including accuracy, recall, and Fl-score. Based on the
results of the optimal predictive model, this study further analyzes key factors
influencing employee turnover, including compensation and benefits, job sat-
isfaction, and promotion opportunities. Addressing these factors, this paper
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proposes corresponding employee retention and management recommendations,
such as improving compensation and benefits levels, enhancing work environ-
ments, and strengthening employee career development, to help enterprises re-
duce employee turnover rates and improve team stability. Finally, this study
summarizes the main findings and contributions, identifies research limitations,
and suggests future research directions. This research not only provides enter-
prises with an effective employee turnover prediction tool but also offers new
ideas and methods for research in the field of human resource management.
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Abstract

This study examines the prediction of employee turnover using machine learning
algorithms, aiming to help enterprises reduce talent loss and lower operational
costs through data analysis. As the knowledge economy era unfolds, employee
turnover has become a critical factor affecting organizational development. High
turnover rates not only increase recruitment and training expenses but may also
lead to the loss of technical resources and clients, severely impacting corporate
competitiveness and profitability.

The paper first introduces the multifaceted negative impacts of employee
turnover on enterprises, including increased financial costs, disrupted business
progress, and declining team morale. Subsequently, it elaborates on the
necessity and feasibility of utilizing machine learning techniques for turnover
prediction against the backdrop of artificial intelligence and big data. Through
a literature review, this study selects three machine learning algorithms—
Naive Bayes, K-Nearest Neighbors (KNN), and Random Forest—to construct
employee turnover prediction models.

During the data preprocessing phase, an employee turnover dataset from Kag-
gle is employed, containing 1,470 records across multiple dimensions including
employee demographics, position information, compensation and benefits, and
job satisfaction. Through data cleaning and feature selection, irrelevant vari-
ables and those with high multicollinearity were removed, retaining only the
key factors influencing employee turnover.

In the model construction and evaluation phase, three prediction models—Naive
Bayes, KNN, and Random Forest—were developed with applicability analysis
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and parameter optimization. By comparing predictive performance across mod-
els, the Random Forest model was ultimately selected as the optimal predictor,
demonstrating superior performance across accuracy, recall, and F1-score met-
rics.

Based on the optimal model’s results, this study further analyzes the key factors
influencing employee turnover, including compensation and benefits, job satisfac-
tion, and promotion opportunities. Targeted recommendations for talent reten-
tion and management are proposed, such as improving compensation packages,
enhancing work environments, and strengthening employee career development,
to help organizations reduce turnover rates and improve team stability.

Finally, the paper summarizes the main findings and contributions, identifies
research limitations, and suggests future research directions. This study not
only provides enterprises with an effective employee turnover prediction tool but
also offers new perspectives and methodologies for research in human resource
management.

Keywords: Naive Bayes; KNN; Random Forest; Employee Turnover; Artificial
Intelligence
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Chapter 1: Introduction
1.1 Introduction

Talent is one of the most critical resources for enterprises and a key factor in
their thriving development. Employee turnover can be simply understood as the
voluntary departure of company staff, which is reactive from the company’s per-
spective (Lee & Mitchell, 2017). Employee mobility has increasingly attracted
organizational attention, so it is no surprise that it has drawn the interest of
numerous scholars (Hom et al., 2017). Employee attrition represents more than
just the loss of personnel; it generates many negative impacts on human re-
sources, finances, operations, and other aspects (Barvey & Pathak, 2018). For
instance, vacancies may hinder certain business operations and affect project
timelines. Additionally, the time costs of recruitment, expenses for training
new employees, and the time required for newcomers to adapt to their roles
constitute significant hidden costs for companies. More importantly, depart-
ing employees may take away important clients or critical technologies, forcing
the company to suffer substantial losses. In summary, high employee turnover
rates have become one of the most crucial operational costs for enterprises.
Against this backdrop, taking effective measures to reduce employee attrition
and thereby lower operational costs has become one of the most important tasks
for corporate HR departments.

With the accelerated development of artificial intelligence and next-generation
information technologies, data has become a strategic asset for most organiza-
tions across various industries, including those related to business processes.
All types of organizations benefit from adopting new technologies (Zhang & Lu,
2021), and the collection, management, and analysis of data bring numerous
advantages in terms of efficiency and competitive edge. Indeed, analyzing large
volumes of data can improve decision-making processes, achieve predetermined
corporate goals, and enhance business competitiveness (Duan & Dwivedi, 2019).
Within organizations, the adoption of AI influences corporate decision-making
activities across several domains (Varian, 2018). For example, Chief Marketing
Officers track detailed shopping patterns and preferences to predict and inform
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consumer behavior. Chief Financial Officers use real-time, forward-looking in-
tegrated analytics to better understand different business lines. Now, Chief
Human Resource Officers are beginning to deploy predictive talent models that
can more effectively and rapidly identify, recruit, develop, and retain the right
people (de Romrée et al., 2016).

In recent years, increasing attention has focused on human resources because
employee quality and skills constitute a company’s growth factor and genuine
competitive advantage (Varian, 2018). In 21st-century information science and
massive data analysis, Al—after being applied to sales and marketing—is now
beginning to guide corporate decisions about employees, with the goal of estab-
lishing human resource management decisions on objective data analysis rather
than subjective considerations (Gupta & Jain, 2018). People analytics will help
organizations and their HR managers reduce attrition by changing the way tal-
ent is attracted and retained (Kemparaju, 2023).

This study applies machine algorithms to the human resources department,
using machine learning to analyze and predict the primary factors influencing
employee turnover rates. In this way, employees with resignation tendencies
can be identified in advance, and their potential reasons for leaving can be
analyzed, thereby helping companies and their HR managers improve employee
job satisfaction through measures such as salary increases and improved work
environments, ultimately reducing employee turnover.

1.2 Research Background

With the advent of the knowledge economy era, human resources have become
an important factor driving human civilization progress and supporting eco-
nomic and social development (Bai et al., 2020). Talent elements are becoming
increasingly active, and their mobility is becoming more widespread globally.
In China, according to the “2022 Turnover and Salary Adjustment Research Re-
port” released by 51job, the overall employee turnover rate in 2021 was 18.8%,
an increase of 4% compared to 2020. The voluntary turnover rate was 14.1%, up
6% from 2020. This indicates that employee attrition in enterprises is becoming
increasingly severe (Zhou, 2022). Moreover, the report shows significant varia-
tion in turnover rates across industries, with catering, hospitality, and tourism
experiencing the highest rate at 16.9%. On one hand, catering, hospitality, and
tourism are labor-intensive industries with younger workforces and relatively
lower stability. On the other hand, due to COVID-19, customer traffic dropped
sharply, which had a tremendous impact on the operations of related compa-
nies, leading to significantly reduced employee performance income and stronger
intentions to resign.

For enterprises, normal employee mobility can optimize internal personnel struc-
ture. However, many companies currently suffer from excessively high turnover
rates, which severely hinders their growth and development. Evidence suggests
that turnover is triggered by dissatisfaction with supervisors, company manage-
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ment policies, corporate culture, work environment, promotion opportunities,
and compensation (Griffeth & Gaertner, 2000). If companies can uncover the
deep-rooted causes of employee attrition and implement improvement measures,
they can effectively reduce employee turnover.

As the concept and application of big data permeate all industries, enterprises
have gradually begun using machine learning algorithms to analyze their inter-
nal data. Machine learning is a collective term for a class of algorithms whose
essence is pattern recognition. These algorithms are trained on large amounts of
data to ZiEH—LEMMKE#TIAN (Shitole & Priyadarshini, 2021). The machine
learning process is like finding a function where sample data is input into the
function and the desired result is output, but this function is very complex and
difficult to express. Furthermore, machine learning does not only pursue good
performance on the training set; its most important goal is to enable the learned
function to achieve more accurate predictions when facing new samples. This
capability is called generalization ability (Mahadevkar et al., 2022). Indeed,
by using machine learning algorithms to establish enterprise employee turnover
prediction models and identify employees with potential to leave, companies can
prepare in advance and take corresponding measures, achieving a transforma-
tion from passively accepting employee turnover to actively intervening. When
enterprises predict a high probability of employee resignation, they can commu-
nicate and confirm with employees adequately. If due to corporate factors, the
enterprise should pay attention and can adjust relevant systems and policies to
avoid further attrition. If due to other personal reasons, the company can also
formulate recruitment plans as soon as possible to find talent for corresponding
positions in a timely manner, avoiding adverse impacts caused by sudden em-
ployee departures. Additionally, using machine learning algorithms can identify
important factors causing employee turnover, which companies can analyze to
discuss how to reduce turnover rates.

Therefore, in this study, we will discuss and establish three machine learning
models using Naive Bayes, KNN, and Random Forest respectively to classify and
predict employee turnover. At the conclusion of this research, we will select an
optimal prediction model based on relevant metrics and analyze the important
factors causing employee attrition.

1.2 Problem Statement

Employee turnover is divided into internal and external mobility. Internal mo-
bility refers to employees taking on new tasks within the same company, while
external mobility refers to employees leaving the company to work for another
organization. This study explores the concept of external turnover.

Key factors for business success include formulating correct business strategies,
maintaining streamlined and efficient organizational structures, and possessing
excellent management teams (Hani, 2021). As corporate management awareness
improves, companies gradually realize that employees are core resources and that
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talent plays a critical role in company development. Therefore, companies invest
substantial time and money in introducing and cultivating talent. The exact
cost of employee turnover is difficult to predict and varies based on factors such
as role, tenure, and skills. When employees leave prematurely or too frequently,
companies increase human capital costs, and work efficiency and quality decline.
More seriously, it may lead to the outflow of technical resources or leakage of
business operations. Excessive attrition may give outsiders the impression of
internal management problems, resulting in deteriorating corporate reputation

(Lee & Li, 2018).

The negative impact of turnover on enterprises is that the loss of some personnel
negatively affects the emotions and work attitudes of other current employees
(Mahadi et al., 2020). An individual’s performance is directly influenced by their
conditions and living environment. Armstrong (2020) considers turnover a dis-
ruptive phenomenon that brings costly consequences to organizations. When
an employee voluntarily resigns, their decision may cause greater negative im-
pact on the company than when an underperforming employee is dismissed.
After an employee resigns, remaining employees may need to undertake more
work tasks and responsibilities due to the company’s failure to recruit suitable
personnel in a timely manner, increasing their work pressure and generating
dissatisfaction. Additionally, it may cause remaining employees to question
the company’s promotion and development opportunities, thereby generating
ideas of following suit and resigning. This creates a vicious cycle that further
exacerbates attrition. Furthermore, employee turnover reduces job satisfaction
among employees in handling their work (Mahadi et al., 2020). When job sat-
isfaction is low, employees lack work enthusiasm, affecting communication and
cooperation between teams, leading to decreased work efficiency. When commu-
nicating with customers, employees may fail to meet customer needs well due
to their negative attitude, bringing poor experiences to customers and thereby
damaging company interests. Employees with higher job satisfaction tend to ful-
fill work responsibilities, actively communicate and assist colleagues, and have
lower turnover intentions (Lin & Huang, 2021).

According to Ooi and Teoh (2021), employee turnover can also be classified
based on employees’ willingness to leave the company. This type is called vol-
untary and involuntary turnover. The voluntary turnover rate is actually the
total number of employees leaving the organization divided by the total number
of employees, typically measured over a one-year period (Hausknecht & Trevor,
2017). Voluntary turnover refers to situations where employees decide to leave
the organization according to their own will, while involuntary turnover refers
to situations where employees leave the organization reluctantly and are forced
to resign due to various factors including poor work performance. People de-
cide to voluntarily leave an organization for countless reasons, including low
compensation, high work stress, poor performance evaluations, lack of job sat-
isfaction, insufficient career development opportunities, lack of organizational
commitment, lack of autonomy, and unfair labor practices (Lee et al., 1987).

chinarxiv.org/items/chinaxiv-202408.00145 Machine Translation


https://chinarxiv.org/items/chinaxiv-202408.00145

ChinaRxiv [$X]

Therefore, the main problem our research addresses is identifying the most influ-
ential factors among those mentioned above to reduce employee turnover rates
and minimize the substantial losses that talent attrition brings to enterprises.
To effectively solve this problem, this study establishes three machine learn-
ing prediction models for classification and prediction and selects an optimal
prediction model based on final results. The data for these algorithm studies
was obtained through the Kaggle website. This study will use Microsoft Power
BI to construct a dashboard, transforming data into easily understandable and
analyzable images and achieving data visualization.

1.4 Research Objectives

(1) Establish machine learning models for employee turnover prediction:
Based on preprocessed available data, use multiple machine learning
methods to build prediction models, conduct applicability analysis and
parameter optimization, evaluate model effectiveness, and select the best
model for predicting employee turnover rates.

(2) Reveal factors influencing employee turnover: Based on actual enterprise
employee turnover data and redundancy among variables, use correlation
analysis methods to examine relationships between variables and indepen-
dence between each variable and the response variable. Through feature
engineering and feature selection, identify the most important factors in-
fluencing employee turnover phenomena and use them as important early
warning indicators for turnover.

(3) Employee retention and management recommendations: Provide recom-
mendations based on influencing factors of employee attrition and model
prediction results, implementing defensive measures before employees
leave or at the first signs of turnover intention to reduce talent loss risks
and minimize corporate losses.

1.5 Research Questions
The research questions for this study are as follows:

(1) Which model is best for predicting employee turnover after comparative
evaluation?

(2) In the selected prediction model, which factors are most influential in
predicting the presence of employee turnover?

(3) How can employee turnover rates be reduced based on the influencing
factors and model prediction results?

1.6 Significance of the Study

Employee attrition can severely impact a company’s organizational structure,
human resource management, and loss of core technologies. In severe cases, it
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may even lead to the company’s demise. Employee turnover costs have become
one of the company’s major operational expenses. This phenomenon occurs fre-
quently and has attracted increasing attention from corporate managers and so-
cial research scholars (Barvey & Pathak, 2018). Studying this topic can help us
understand factors affecting employee turnover and enable rational allocation of
human resources based on these factors. It helps corporate managers pay more
attention to employees’ work attitudes, psychological states, and turnover inten-
tions, identifying employees’ willingness to leave as early as possible. Spending
sufficient time communicating with employees to understand problems in their
actual work and reasons for leaving, using some incentive measures to encourage
employees to continue working, and reducing corporate losses. This provides
enterprises with theoretical methods and prediction models regarding employee
management and career strategies, improves human resource management effi-
ciency, enhances employee work stability, reduces talent loss risks, helps com-
panies lower recruitment and management costs, and promotes sustained and
healthy enterprise development.

Against the above research background, taking enterprise employee attrition
as the research object and using machine learning algorithms to establish em-
ployee attrition prediction models has certain practical significance. This study
selects the employee turnover dataset from Kaggle, constructs machine learning
models to predict employee turnover, analyzes the important factors causing
employee attrition, so that enterprise HR departments can track and manage
employee work dynamics in a timely manner, and proposes solutions and recom-
mendations for important influencing factors of losses based on turnover results.
This study uses multiple machine learning algorithms for research and analysis,
elaborating in detail the process from data analysis to method selection, model
establishment, and model analysis and comparison, providing a feasible solution
for employee turnover prediction with certain research significance.

Additionally, other companies can analyze employee attrition issues according
to their actual situations, strengthen human resource management, and improve
team stability.

1.7 Structure of the Report

Chapter 1, the introduction, discusses the significance of establishing machine
learning models to predict employee turnover against the background of continu-
ously rising enterprise employee turnover rates, and finally explains the research
content and structure of this study.

Chapter 2 is the literature review and theoretical introduction. It first reviews
literature on employee turnover and introduces the machine learning methods
used in this paper, including Naive Bayes, KNN, and Random Forest.

Chapter 3 covers data preprocessing and exploratory analysis. It first intro-
duces the data source, explains the meaning of variables in the dataset and
preprocesses the data, then conducts exploratory data analysis, and finally uses
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machine learning methods to model the analysis.
Chapter 4 presents the findings and analysis based on the prediction models.
Chapter 5 summarizes all findings, research limitations, and future plans.

Chapter 6 lists all references used in this study. Finally, the appendix of this
research will be presented in Chapter 7.

Chapter 2: Model Introduction
2.1 Naive Bayes (NB)

The Naive Bayes classifier is a typical probabilistic machine learning method
used for classification applications due to its simplicity and effectiveness. It
is based on Bayes’ theorem and makes a “naive” assumption that features are
independent given the class label (Kim et al., 2020). It assumes that all variables
contribute to classification and are interrelated. This assumption is known as
class-conditional independence (Friedman et al., 1997). This is an unrealistic
assumption for most datasets, but it leads to a simple prediction framework
that yields surprisingly good results in many practical situations (Hetal, 2012).
Furthermore, it is very easy to construct and does not require any complex
iterative parameter estimation schemes. This means it can be easily applied
to huge datasets. It is easy to interpret, so users unfamiliar with classifier
technology can understand why it makes classifications (Wu et al., 2008).

2.2 K-Nearest Neighbors (KNN)

The KNN algorithm is an instance-based learning method that can be used to
solve classification, regression, and search problems. It classifies objects based
on the closest training examples in the feature space (Boateng et al., 2020). In
the KNN algorithm, the classification of a new test feature vector is determined
by the classes of its k nearest neighbors. The algorithm assumes that similar
items exist nearby. In other words, similar items are close to each other. The
KNN algorithm depends on whether this assumption is true enough to be useful.

KNN is effective for large numbers of training samples. However, for this al-
gorithm, the value of parameter k (the number of nearest neighbors) and the
type of distance to use must be determined. Computation time can be long
because distances from each query instance to all training samples need to be
calculated, and computation time slows down significantly as the number of
instances or predictive independent variables increases (Statnikov et al., 2008).
The Euclidean distance metric is used to implement the KNN algorithm for
locating nearest neighbors (Pan et al., 2004).

The Euclidean distance metric d(x, y) between two points x and y is calculated
using Equation (2.1):

chinarxiv.org/items/chinaxiv-202408.00145 Machine Translation


https://chinarxiv.org/items/chinaxiv-202408.00145

N
d(z,y) = Z(% —¥;)?
i—1

where N is the number of features.

2.3 Random Forest

Random Forest classification is a popular machine learning method used to
develop prediction models in many research settings. Typically in predictive
modeling, the goal is to reduce the number of variables needed for prediction
to lessen the burden of data collection and improve efficiency (Speiser et al.,
2019). In the Random Forest setting, many classification and regression trees
are constructed using randomly selected training datasets and random subsets
of predictor variables for modeling outcomes. Results from each tree are aggre-
gated to give predictions for each observation. Therefore, compared to single
decision tree models, Random Forest generally provides higher accuracy while
maintaining some beneficial qualities of tree models (e.g., the ability to inter-
pret relationships between predictors and outcomes) (Speiser, Durkalski, & Lee,
2015).

The Random Forest flowchart is shown below:

[Figure 2: see original paper]-1 Random Forest Algorithm Flowchart

Chapter 3: Methodology

In this study, the process of building employee turnover prediction models con-
sists of several components, including data preprocessing, machine learning mod-
eling, and data visualization.

3.2 Data Source

The data in this paper comes from the Kaggle website, linked to https://www.kaggle.com/datasets/the-
desvastator/employee-attraction-and-factors. The dataset contains a total of

1,470 data rows, including one target variable and 33 independent variables,

with no missing values and high completeness.

Among these, attrition rate is the target variable indicating employee turnover,
where “Yes” means the employee has left and “No” means the employee has
not left. Independent variables include employees’ basic identity information,
position information, compensation and benefits, job satisfaction, and related
variables. EmployeeNumber is an irrelevant variable, as all samples have iden-
tical values for Overl8, StandardHours, and EmployeeNumber, while the sig-
nificance of DailyRate, HourlyRate, and MonthlyRate is unclear. Therefore,
these variables are removed. Secondly, due to the large number of variables and
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high multicollinearity between some variables, such as JobLevel and Monthly-
Income, the following variables were removed to facilitate analysis and obser-
vation: DistanceFromHome, EducationField, JobInvolvement, JobLevel, Num-
CompaniesWorked, TrainingTimesLastYear, YearsAtCompany, YearsInCurren-
tRole, YearsSinceLastPromotion, and YearsWithCurrManager. The dataset af-
ter removing these variables is shown in Table .1.

Table 3.1 Description of Variables in the Dataset

Dataset Variable Description Meaning

EnvironmentSatisfaction 1-5 (higher value = greater satisfaction)

Age 18-60

BusinessTravel Travel {Rarely}/R&D/Human
Resources/Sales

Education 1-5 (higher value = higher education
level)

Gender Male/Female

JobRole Sales Executive/Research
Scientist /Laboratory

Technician/Manufacturing
Director/Medical Representative/Sales
Representative/Research Director

JobSatisfaction 1-4 (higher value = greater satisfaction)

MaritalStatus Single/Married /Divorced

MonthlyIncome 1009-19999

OverTime Yes/No

PercentSalaryHike 11-25

RelationshipSatisfaction 1-4 (higher value = greater satisfaction)

StockOptionLevel Integer

TotalWorking Years Integer

WorkLifeBalance 1-4 (higher value = better work-life
balance)

3.3 Data Preprocessing

Data preprocessing refers to a series of processes including cleaning, integrating,
transforming, and discretizing raw data, which is considered an essential step.
Its purpose is to reduce data complexity and facilitate better data analysis
and modeling (Ramirez-Gallego et al., 2017). This study employs several data
preprocessing techniques to prepare data for machine learning algorithms, as
described in detail in Chapter 2.

3.3.1 Exploratory Data Analysis Exploratory data analysis typically em-
ploys data visualization methods to analyze complex datasets and summarize
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their main characteristics. In this study, descriptive analysis and heatmap cor-
relation matrices were used to explore the data before building machine learn-
ing models. Conducting descriptive statistical analysis on the dataset before
modeling can reveal basic information about employees in the dataset and pro-
vide certain guidance for feature selection and classification prediction models.
Descriptive analysis is a method used to objectively describe the nature and
magnitude of variable characteristics (Kemp et al., 2018). This analysis can be
implemented using the describe function in the Pandas library available in the
Python programming language. Heatmap matrices can be implemented using
the corr function in the Pandas library.

3.3.2 Feature Selection Feature selection eliminates irrelevant or redundant
features, thereby reducing the number of features, finding the optimal feature
subset, improving model accuracy, and reducing runtime. In this study, Em-
ployeeNumber is an irrelevant variable, as all samples have identical values for
Overl8, EmployeeNumber, and StandardHours, while the significance of Dai-
lyRate, HourlyRate, and MonthlyRate is unclear. Moreover, due to the large
number of variables and high multicollinearity between some variables, such
as JobLevel and MonthlyIncome, the following variables were removed to facili-
tate analysis and observation: DistanceFromHome, EducationField, JobInvolve-
ment, JobLevel, NumCompaniesWorked, TrainingTimesLast Year, YearsAtCom-
pany, YearsInCurrentRole, YearsSinceLastPromotion, and YearsWithCurrMan-
ager. All the above variables were removed from the dataset using the drop
function in the Pandas library.

3.3.3 Data Normalization Data normalization is a method for standard-
izing different variables or data feature directions, also known as feature scal-
ing. Normalizing data allows features of different dimensions to be compared
together, which can greatly improve model accuracy. Data normalization pro-
cessing is a typical approach to data standardization, including min-max nor-
malization and z-score normalization. The processed data has a mean of 0 and
a standard deviation of 1. The transformation formula is as follows:

T —p
g

(3.1)

where is the mean of the original data and o is the standard deviation of the
original data. Z-score standardization is relatively simple to calculate and is
suitable for situations where the maximum and minimum values of the dataset
are unknown, there are outliers in the data, or the data distribution is highly
discrete.

Min-max normalization is a method for linear transformation of original data,
where the processed result values are mapped to [0, 1]:
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I min(x) (3.2)

max(z) — min(z)

Min-max normalization converts both positive and inverse indicators into posi-
tive indicators with consistent direction, facilitating comparison. It is suitable
for simply transforming data mapping to a certain interval for comparison and
observing data distribution.

In this study, because some numerical variables have large differences in value
ranges, they can easily cause incomparability between variables. Therefore, this
study adopted Z-score standardization before model building. In this method,
each numerical input variable will be individually assigned a mean of 0 and a
standard deviation of 1 by subtracting the mean and dividing by the standard
deviation (Brownlee, 2020). This technique can be implemented using the Stan-
dardScaler function in the Scikit-Learn library provided by Python (Brownlee,
2020).

3.3.4 Transforming Categorical Variables Feature encoding is the cor-
responding encoding of various special feature values in categorical variables
and is also a quantification process. The reason data needs to be encoded is
that numerical data can be recognized and calculated by machine models. It
mainly includes label encoding and one-hot encoding. Label encoding, as the
name suggests, uses label encoding to convert unordered and ordered categori-
cal data into numerical data. Label encoding solves the problem of categorical
encoding, and encoding values can be customized as needed, with the values
themselves having no specific meaning. In this study, I will use label encoding
for 7 variables.

3.3.5 Data Sampling The most commonly used method for handling imbal-
anced data is oversampling. Its basic principle is to directly increase the number
of minority classes, improve the accuracy of minority class classification, thereby
changing the data distribution and reducing this imbalance.

(1) The most convenient method for oversampling is to directly duplicate
sample data from the minority class, but this method simply repeats data
and increases quantity without changing any information, thus potentially
causing overfitting. For this situation, generally adding newly synthesized
data or random Gaussian noise is used to reduce the aforementioned prob-
lem, such as the SMOTE algorithm.

(2) SMOTE Algorithm

SMOTE oversampling technology is a new technique different from traditional
oversampling algorithms. Unlike oversampling that duplicates data, this method
creates new data through synthesis, increasing the amount of data in minority
samples, changing the data distribution to some extent while avoiding exces-
sive samples. From the characteristics of new samples synthesized by SMOTE
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technology, it can solve the overfitting problem that traditional oversampling is
prone to to a certain extent. Its basic principle is shown in Figure [Figure 3:
see original paper].1.

Figure 3.1 Basic Principle of SMOTE Algorithm

In simple terms, SMOTE technology randomly inserts a new sample data point
between each minority class data point and its neighbor, repeating until the data
volume of each class reaches a balanced state, then training the new dataset.
Its advantages are: helping to break the overfitting problem caused by simple
duplication and the problem of not increasing information volume in minority
classes, thereby improving the learning efficiency of classifiers.

Since the dataset used in this paper only has 1,470 samples, and minority sam-
ples (attrition samples) only account for 16.12%, which is extremely imbalanced
data, this paper will use the SMOTE algorithm to artificially generate new de-
parting employee numbers to make the imbalanced samples become balanced,
thereby achieving the result of expanding sample quantity without losing sample
information.

3.3.6 Data Splitting Data splitting is a process in data science or machine
learning where data is divided into two or more subsets. Typically, through
two-part splitting, one part is used for evaluation or testing data, and the other
part is used for training the model. Table 3.2 shows the dataset sizes used for
training and testing in this study.

Table 3.2 Training and Testing Dataset Sizes

Dataset Attribute Partition Percentage

Training Set 80%
Testing Set 20%

3.4 Performance Metrics

The main model evaluation metrics in classification problems include confusion
matrix, accuracy, precision, recall, F1-score, etc. The confusion matrix is shown
in Figure 3.2, where TP (True Positive) represents true positive cases; FN (False
Negative) represents false negative cases; FP (False Positive) represents false
positive cases; TN (True Negative) represents true negative cases. This matrix
is commonly used to describe generalization errors of prediction results in binary
classification problems.

The formulas for calculating accuracy score, precision, recall, and F1-score are
shown in Equations (3.3), (3.4), (3.5), and (3.6) respectively.

TP+ TN
TP+TN+FP+FN

Accuracy = (3.3)
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F1- =2 .
Score ~ Recall 4+ Precision (3.6)

Figure 3.2 Binary Confusion Matrix

3.5 Permutation Feature Importance Method

After training a model, in addition to being interested in the model’s predictions,
we often want to know which features are more important in the model and
which features have the greatest impact on prediction results. Permutation
importance is a method for measuring feature importance. In this study, the
permutation feature importance method will be used to calculate the importance
of variables in predicting employee turnover, based on the proportional reduction
in model scores when variables are randomly shuffled (Assar et al., 2021).

3.6 Specific Tools

This study uses Jupyter Notebook from Anaconda Navigator and Microsoft
Power BI for modeling and data visualization respectively. Jupyter Notebook
is an open-source web application that allows users to create and share docu-
ments containing live code, equations, visualizations, and narrative text. This
notebook supports the Python programming language, which is necessary for
building prediction models in this study. Python is a high-level interpreted
general-purpose dynamic programming language that emphasizes code readabil-
ity (Ozgiir et al., 2017). This language consists of large and comprehensive stan-
dard libraries such as Pandas, Scikit-Learn, Seaborn, and Matplotlib for model
building (Jasim et al., 2019). For data visualization, Microsoft Power BI is an
easy-to-use tool that can analyze and present data in an interactive and highly
visual manner (Aspin, 2016).

Chapter 4: Results and Discussion
4.1 Exploratory Data Analysis Results

In this study, descriptive statistics were generated to observe and explore the
characteristics of all variables, including numerical and categorical variables
present in the dataset. These characteristics include count, unique values, top
values, frequency, mean, standard deviation, minimum and maximum values,
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and 25%/50%/75% percentiles. The results of the descriptive statistics are
shown in Table .1. The results in Table 4.1 clearly indicate that no null values
exist in the dataset (no missing values), as the count for all variables matches
the total number of observations in the dataset (1,470), demonstrating that all
variables consist of values or labels in each observation describing respective
variables.

Additionally, a heatmap correlation matrix was generated to explore monotonic
associations between two variables in this study, with results shown in Figure
[Figure 4: see original paper].1. According to Figure 4.1, all values showing rela-
tionships between variables range from -0.66 to 0.77, indicating direct relation-
ships. The value between variables “MonthlyIncome” and “TotalWorkingYears”
is 0.77, which is the highest compared to other relationships in the correlation
matrix. This indicates that the direct relationship between these two variables
is the strongest compared to other relationships.

Table 4.1: Dataset Descriptive Statistics

Figure [Figure 4: see original paper].2 Heatmap Correlation Matrix

4.2 Machine Learning Performance

The performance of machine learning algorithms in predicting employee turnover
presence was evaluated through confusion matrices, accuracy scores, precision,
recall, and Fl-score. By comparing these performance metrics, this study se-
lected a golden prediction model that can accurately predict employee turnover.
The confusion matrix results and performance metrics of the prediction models
are shown in the following sections.

4.2.1 Confusion Matrix Comparison The confusion matrix results among
KNN, Naive Bayes, and Random Forest models are shown in Figure 4.2. Based
on these results, KNN accurately classified 159 employees who did not leave the
company and 36 employees who did leave. However, the algorithm misclassified
13 employees who actually left but were classified as not leaving. Additionally,
the algorithm misclassified 86 employees who actually did not leave but were
classified as leaving.

Naive Bayes accurately classified 179 employees who did not leave and 32 em-
ployees who left. However, the algorithm misclassified 17 employees who actu-
ally did not leave but were classified as leaving. Additionally, the algorithm
misclassified 66 employees who actually left but were classified as not leaving.

Random Forest accurately classified 235 employees who did not leave and 16
employees who left. However, the algorithm misclassified 33 employees who
actually did not leave but were classified as leaving. Additionally, the algorithm
misclassified 10 employees who actually left but were classified as not leaving.

Through confusion matrix comparison of these three algorithms, Random Forest
outperforms Naive Bayes and KNN in predicting employee turnover because
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the sum of true positives and true negatives for Random Forest is higher than
for Naive Bayes and KNN. Therefore, Random Forest can accurately classify
employees based on the provided independent variables.

Figure 4.2: Confusion Matrices for KNN, Naive Bayes, and Random
Forest Models

4.2.2 Performance Metrics Comparison Table 4.2 shows the overall per-
formance results of the KNN, Naive Bayes, and Random Forest models in terms
of accuracy scores, precision, recall, and Fl-score. According to the accuracy
scores in Table 4.2, Random Forest outperforms Naive Bayes and KNN because
the algorithm can predict the maximum number of true positives and true neg-
atives compared to Naive Bayes and KNN.

Table 4.2: Accuracy Scores, Precision, Recall, and F1-Score Results
for Models

Model Accuracy Score Precision Recall F1-Score

KNN
Naive Bayes
Random Forest

Furthermore, Random Forest also outperforms Naive Bayes and KNN in terms
of precision and F1-score. This is because the precision and F1 values for Ran-
dom Forest are 0.96 and 0.92 respectively, which are higher than those for Naive
Bayes and KNN. Therefore, when these two metrics are a concern in predict-
ing employee turnover, Random Forest can minimize false positives and false
negatives.

4.2.3 Selection of Optimal Model Based on the performance metrics re-
sults, Random Forest was selected as the best model in this study. This is be-
cause all performance metrics for Random Forest are high, far exceeding those
of Naive Bayes and KNN. Therefore, these results indicate that Random Forest
can accurately classify employees into corresponding categories based on the pro-
vided independent variables when predicting employee turnover. Additionally,
the algorithm can minimize the costs or impacts caused by false positives and
false negatives because it can reduce misclassification problems in the employee
turnover prediction process.

4.3 Permutation Feature Importance

In this study, the average scores derived from permutation feature importance
for each variable in the golden model (Random Forest) are shown in descending
order in Figure 4.6. According to Figure 4.6, the top three most important vari-
ables for predicting employee turnover are “OverTime,” “Age,” and “Monthly-
Income,” as the importance scores for these variables are 0.068, 0.037, and 0.033
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respectively, which are higher than other variables. Among these four variables,
“OverTime” is the most important variable in the employee turnover prediction
process because this variable has the highest average importance score compared
to other variables.

Figure 4.3: Importance Score Results for Each Variable

4.4 Employee Turnover Dashboard

A dashboard is a commonly used tool for data visualization. Figure 4.4 shows
the dashboard constructed for this study to visually present all variables related
to employee turnover graphically.

Figure 4.4: Employee Turnover Dashboard

According to the dashboard in Figure 4.1, the employee sample used in this study
includes 83.86% of employees (1,233 people) who did not leave the company,
while the remaining 16.12% of employees (237 people) decided to leave. This
dashboard shows some important information regarding overtime and age. The
first insight is that employees who work overtime tend to decide to leave the
company. Secondly, compared to people aged 40-60, those aged 20-40 are more
inclined to leave the company.

Chapter 5: Conclusion
5.1 Summary

In summary, human resource analytics is a technique used in this study to pre-
dict employee turnover presence by establishing machine learning algorithms.
This study utilizes a human resource analytics dataset consisting of 1,470 rows of
data and 17 variables as a sample to build prediction models. Additionally, de-
scriptive analysis and heatmaps were used to explore patterns and relationships
between variables.

Before the model building process, data preprocessing was performed to
transform the data into a form suitable for the modeling process. As a result of
this process, the following variables have been removed: “EmployeeNumber,”
“Overl8,” “StandardHours,” “EmployeeNumber,” “DailyRate,” “HourlyRate,”

“MonthlyRate,” “DistanceFromHome,” “Joblnvolvement,” “NumCompa-
niesWorked,” “PercentSalaryHike,” “PerformanceRating,” “TrainingTimes-
LastYear,” “YearsAtCompany,” “YearsSinceLastPromotion,” “JobLevel,”

“YearsWithCurrManager,” “EducationField,” and “YearsInCurrentRole.” All
categorical data has been converted to numerical data, but this data has still
been scaled to a standard range. Additionally, the dataset was split into
training and testing datasets according to the Pareto principle, with 80%
used for the training dataset and the remaining 20% for the testing dataset.
This study used three machine learning algorithms—K-Nearest Neighbors,
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Naive Bayes, and Random Forest—to predict employee turnover presence.
The research results achieved all research objectives and answered all research
questions posed by this study.

For research question (1), “Based on variables in the dataset, which model
is most suitable for predicting employee turnover presence?” this study con-
cludes that the Random Forest model is the best model for predicting employee
turnover. This is because all performance metrics (accuracy score, precision,
and Fl-score) derived from Random Forest far exceed those of Naive Bayes
and KNN. Therefore, the results indicate that the Random Forest model can
accurately predict employee turnover presence based on the provided variables.

For research question (2), “In the selected prediction model, which fac-
tors are most influential in predicting employee turnover presence?”  this
study demonstrates that the top three variables—“OverTime,” “Age,” and
“MonthlyIncome”—are the most important variables for predicting employee
turnover because these variables scored higher than other variables in the
permutation feature importance process. Additionally, the results show that
“OverTime” has the greatest impact on employee turnover prediction because
this variable has the highest score compared to other variables in this study.

For research question (3), “Based on the influencing factors and model prediction
results, what can be done to reduce employee turnover?” since overtime, age,
and salary are the three most important factors affecting employee turnover,
improvements should be made in these three areas. Three recommendations are
proposed regarding overtime. First, workflows should be optimized to ensure
tasks are appropriately distributed to reduce unnecessary overtime. Second,
managers should allocate tasks reasonably to ensure team members’ workloads
are balanced and avoid excessive overtime for individual members. Finally,
companies can implement flexible work systems, such as flexible working hours
or remote work, to help employees better balance work and life and reduce the
need for overtime.

Regarding age, first, personalized development opportunities and training pro-
grams should be provided for employees across different age groups to meet
their career development needs and enhance their career development motiva-
tion. Second, companies should understand the needs and concerns of employees
in different age groups and provide age-appropriate benefits and treatment, in-
cluding health insurance, training programs, and flexible work arrangements.

For compensation, first, market research should be conducted to ensure salary
levels are competitive and can attract and retain talent. Second, provide a
performance evaluation and reward system that motivates employees in a fair
and transparent manner, making them feel their work is valued and rewarded.
Finally, salary structures can be evaluated regularly and adjusted based on
employee contributions and growth.
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5.2 Limitations

One limitation encountered in this study is that integer encoding was used as
a technique to convert nominal data for “Department” into numerical data.
Generally, nominal data should be handled using one-hot encoding, where each
label is encoded into a Boolean value and stored in a newly added column to
provide equal importance for each label and reduce the risk of model misdi-
rection (Brownlee, 2020; Wang & Zhi, 2021). However, this method caused a
problem in this study because the number of columns increased according to the
number of unique observations for the “Department” variable, which resulted
in scores for each variable that could not clearly indicate the importance score
for the “Department” variable. Therefore, in this study, this method became a
mapping technique that mapped each nominal data to a specific value.

The second limitation is that the number of independent variables in this dataset
was too large, and deleting some of them before conducting the research led to
minor errors between analysis and reality.

5.3 Future Work

In future research, primary sources of employee data will be used to build ma-
chine learning algorithms to predict employee turnover. This is because original
data is more reliable and accurate than secondary data, which can be obtained
by distributing questionnaires or interviewing the target population of the study.
Additionally, the scope of the dataset needs to be expanded to include small
and medium-sized enterprises. Furthermore, future research can explore other
machine learning algorithms, such as Decision Trees, Support Vector Machines,
and Logistic Regression, to predict employee turnover based on collected data.
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Appendix: Python Programming for Model Building

The prediction models used in this study were built using the Python program-
ming language. The complete input code and corresponding output are shown
below.

Data Preprocessing
# Code implementation will be presented here with corresponding outputs

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.
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