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Abstract 
The company's employees are its most valuable asset. A company's fate is tied to the individuals that make 
up its workforce. Challenges arise for firms when skilled workers leave to pursue better chances 
elsewhere. The study's goal was to learn how dissatisfied workers are and why they would consider 
looking for a new job. After the root cause(s) of employee unhappiness has been identified, corrective 
measures may be implemented to hopefully reduce turnover. Based on the Employee dataset available on 
the Kaggle platform, this study aims to create a system that can predict employee turnover. With the use 
of a heatmap, we were able to see how each characteristic was connected to each other. We used KNN 
(K-Nearest Neighbor), SVM (Support Vector Machine), Decision Tree, and Random Forest (among 
others) to make predictions using machine learning. In this research, we explore the factors that contribute 
to employee turnover in each given business. 
Keywords: Attrition Rate, Classifier, pre-processing, Employment Features, Acronyms: RF, SVM, KNN, 
ART, HR, Classifier, Pre-processing, Feature Selection, Attrition Rate, K-Closest Neighbor. 

 

Introduction 
 

Attrition occurs when workers leave an 
organisation, leading to a decrease in available 
personnel [1]. The people working for a company 
are its greatest asset. It is critical to learn whether 
the personnel are dissatisfied with their 
employment or if there are other factors at play. 
Many workers nowadays are eager to switch jobs in 
quest of greater opportunities elsewhere in the 
company. Yet, the company stands to lose a lot of 
money if they suddenly decide to quit their 
positions. It takes time and resources to train new 
hires, and it might be months before they begin to 
contribute to the bottom line. Keeping 
hardworking, skilled employees is a challenge for 
many businesses. Thus, we may significantly 
reduce this issue by fostering a happy and fulfilling 

workplace [1]. There is no one cause for an 
employee to resign from their position. A better 
paid position outside the organisation, a strained 
relationship with the boss, the desire to further one's 
education, the need to relocate for personal reasons, 
or even termination from the organisation are all 
valid explanations. Work-related stressors include, 
but are not limited to, dissatisfaction with one's job, 
low compensation, strained relationships with one's 
colleagues, a hostile work environment, a dearth of 
opportunity for professional growth, extra hours, 
and a demanding task. We built a system that uses 
actual employee data to determine what motivates 
people to leave their jobs. Workers who have 
successfully completed their probationary term are 
welcome to apply. It's tough to anticipate a new 
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hire's dissatisfaction factors before their 
probationary period ends since they are not a 
confirmed employee yet. This strategy may predict 
which employees are likely to leave and why, 
empowering managers to take corrective measures 
to retain staff and lower attrition. Some strategies 
for reducing employee turnover include providing 
incentives, giving workers challenging new tasks, 
soliciting feedback often, and so on. Some of the 
machine learning techniques we used were Support 
Vector Machines (SVMs), K-Nearest Neighbors 
(KNNs), Decision Trees (DTs), and Random 
Forests (RFs). A graphical depiction is also 
provided to aid in the understanding of the findings. 

Several studies have shown that workers are a 
company's most valuable asset and crucial 
resource. Today's turnover rate is set by the 
competitive market and the rising bar for employee 
competence. The loss of good employees is widely 
recognised as a major challenge for businesses. 
Finding and training new personnel is a costly 
endeavour. Companies must actively seek new 
personnel, recruit them, and then train them. The 
loss of skilled employees, particularly those who 
are highly productive, may have a significant 
impact on an organization's productivity and 
growth. We investigate potential factors that might 
be used to reduce employee turnover. Due to its 
negative effects on workplace self-esteem and 
productivity, employee turnover has risen to 
prominence as a concern for many businesses. 
Organizations combat this issue by employing 
machine learning methods to foresee the likelihood 
of employee turnover, empowering them to take 
preventative measures in the interest of retaining 
their staff.  

Literature Review  
The Indian software sector is in its infancy, hence 
Nagadevara et al. (2018) assessed the effect of 
withdrawal practises such tardiness and 
nonattendance, job content, residency, and 
socioeconomic status on employee turnover. The 
study's results indicate a connection between 
disengaging behaviours and staff turnover. A few 
follow-up issues were raised by the results of this 

research. To begin, researchers might 
systematically gather information on statistical sub-
components from a large sample of organisations in 
order to examine the link between statistical 
characteristics and revenue. Second, it is possible 
to collect statistically significant information on 
factors related to employee turnover from existing 
academic research [1]. The study of Voluntary 
Turnover was conducted to learn more about 
Human Resource Development techniques that 
would keep workers on board for longer. The 
central company offered opinions from the expert 
specialised deals power on its employee database 
over a 14-year time period for certain persons. In 
the original database, there were 21,271 individual 
records, each of which was associated with a 
specific time stamp from the corporation [2]. To 
solve the problem of customer attrition in certain 
industries, such as telecommunications, Ibrahim et 
al. [3] recommended building models with several 
methods including provide a risk equation for 
forecasting employee turnover using a logistic 
regression approach to data from the workforce. 
This formula was then used to the assessment of 
employee turnover risk within the current 
workforce. Having estimated the risk, a high-risk 
cluster was identified so that reasons could be 
determined, and a strategy for mitigating the risk 
was settled upon [4]. 
M. Singh et al. of IBM Watson looked into 
employee turnover practises and provided a 
framework for anticipating likely attrition and 
evaluating its causes. They found that the primary 
determinant was the individual's occupation, 
whereas age had no significant role [6]. According 
to O.Ali et al., employees are more likely to quit 
when they have a dispute with their senior officer. 
Several of the major causes of employee turnover 
at our organisation were readily apparent. He draws 
humbly from the two guidelines. He asked each of 
them a series of questions about their respective 
workloads, aspirations, and careers, and drew his 
own conclusions based on their answers[7]. 
Termination and firing rates are a key focus of 
human resource management, however A. 
frederiksn et al. argue that they are fundamentally 
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different in content. Assuming the old model, 
recruitment and turnover occur to varying degrees. 
Studies have shown that high rates of dismissal and 
termination may have a negative effect on 
organisations [8, 9]. The negative side of turnover 
that H.Ongori et al. identified as a three-part entity 
was first characterised by Allen and Meyer (1990). 
Unlike a delegate dealing with his direct employer, 
a regulating officer's departure from the firm due to 
a dispute with upper management is more likely to 
result in the officer's dismissal. He understood the 
underlying assumptions that shape the company's 
openness to integrating new employees [9]. 
According to V.V. Saradhi et al., there are two 
primary approaches to analysing data on social 
mobility. A similar number of members and 
officials were asked to take part in a series of 
surveys that were divided into categories such as 
workload, priorities, personality, professional 
achievement, and organisational structure. All 
methods of data collecting yielded the same 
conclusion [10]: financial pay is the single most 
important factor in employee rejection. For 
building their knowledge discovery phases, Amir 
Mohammad and his team utilised data taken from a 
genuine manufacturing company. They have an in-
depth comprehension of several aspects of their 
workforce, including age, technical ability, and 
years of service. Using the Pearson Chi-Square test 
[12], they investigated the importance of various 
software characteristics. 
Extreme Gradient Boosting (XGBoost) is a method 
that has been studied by Rohit Punnoose, Pankaj 
Ajit, and colleagues because it is more reliable than 
other methods owing to its formulation of 
regularisation. Using human resources information 
systems (HRIS) data from a global retailer, this 
study compares XGBoost to six widely used 
supervised classifiers and finds that it is much more 
accurate in predicting employee turnover [13]. 
Researchers have shown a great deal of interest in 
churn prediction, especially customer churn 
prediction. Coussement and Van den Poel use a 
Support Vector Machine (SVM) model to predict 
customer attrition. The results of a research [18] 
suggest that undersampling may enhance the 

precision with which predictions are made. Tsai 
and Chen's research on predicting customer 
turnover in a telecom firm made use of association 
rules to whittle down the information to employ in 
a neural network and a Decision Tree. Their 
analysis relies on four metrics—accuracy, 
accuracy, recall, and F-measurement—that we use 
as well. Pillows and coworkers [19]. Build the 
model using the Generalized Additive Models 
(GAM) technique, which enables the fitting of 
complicated non-linear data. Common data mining 
methods have been utilised in other research to 
measure customer churn [20]. The literature on 
employee turnover estimates and study is sparse in 
contrast.  
In this research, we provide updated methods for 
analysing the employee turnover rate by drawing 
on a wide range of data mining techniques. This is 
a summary of the research done on data mining to 
extract the staff attrition rate utilised in different 
models, as well as a detailed assessment of the work 
done by various researchers: Data mining methods 
were used by Qasem A, A.Radaideh, and Eman A. 
Nagi to develop a classification model that can 
forecast worker productivity [23]. In their research, 
they used the CRISP-DM data mining approach 
[24]. Many classification rules were constructed 
using the Decision tree as the primary data mining 
method in developing the classification model. The 
developed model was verified by extensive testing 
with actual data from many firms. The goal of the 
model is to make predictions about how well fresh 
candidates will do. The eminent Amir Mohammad 
EsmaieeliSikaroudi [25] Knowledge discovery 
procedures were applied to actual data from a 
factory by RouzbehGhousi and Ali 
EsmaieeliSikaroudi et al. Several factors are 
considered, including but not limited to age, 
technical proficiency, and job experience. The 
Pearson Chi-Square test was performed to 
determine which data characteristics were most 
crucial. Human resource experts are able to 
improve the performance evaluation of its human 
capital by using a prediction model for employee 
performance forecasting, as suggested by John M. 
Kirimi and Christopher Moturi et al [26]. The 
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Extreme Gradient Boosting (XGBoost) method, 
developed by RohitPunnoose and colleagues 
PankajAjit et al. [27], is more reliable than other 
methods because to the regularisation formulation 
that makes it more stable. [28] To prove its 
superiority in forecasting employee turnover, 
XGBoost is tested on data from the HRIS of a large 
retailer and pitted against six traditionally used 
supervised classifiers. 
Conclusion 
This study seeks to identify the best machine 
learning technique for determining which workers 
are most likely to leave an organisation. Our 
findings suggest that compared to the other 
classifiers, Random Forest performs best. 
Employee turnover has been shown to have both 
external and internal causes. If companies use the 
results of this research to better understand the 
factors that lead to employee turnover, they may be 
better equipped to take steps to decrease turnover. 
Human resources serve as the backbone of every 
company. Employee power is directly proportional 
to growth rate and market share. Today more than 
ever, a combination of a growing population and 
skilled workers is key to a company's success. 
Nonetheless, in most organisations, turnover is the 
primary problem that is fixed first. Both learning 
and remembering this material provide formidable 
challenges. In this work, we examine the many 
approaches used by researchers in the quest to 
develop an accurate way of forecasting future 
performance from current employees. 
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