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Abstract- It takes time and effort to cultivate a great employee, yet it simply takes a moment to 

terminate their employment. The problem of employee turnover is one that affects even the most 

successful companies, and it has a direct bearing on the success of an organization because of the 

quality of the employees it is able to keep. There are monetary losses, holes in the company's 

ability to execute, re-recruiting expenses, and productivity losses whenever a high-performing 

individual quits. Keeping the right people on staff and lowering turnover rates are equally 

important to a company's success. According to NASSCOM, the worldwide staff churn rate in 

2019 is between 18% and 20%, highlighting the need for statistical analysis to mitigate the risks 

posed by such high rates of employee departure. In this research, supervised classification 

algorithms are used to identify at-risk employees based on historical data on employee turnover 

rates (especially in the BPO industry). 
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I. INTRODUCTION 
 When employees leave a firm for any reason, it is called attrition. There are consequences 

for the person and the business when employees leave. The monetary cost to the company is 

enormous, and it risks losing customers and clients if service quality declines as a consequence. 

The person, however, may face challenges in the form of less income, increased out-of-pocket 

expenses, and a diminished social support system. Attrition may be prevented if the underlying 

causes are addressed. According to Harvard Business Review, few employees in middle 

management or below have access to the executive suite. The inability to create trust between 

employees and management is a direct result of a lack of team building activities. Most people in 

the workforce are unmotivated to work because their jobs are mundane and need them to do the 

same tasks over and over again. When workers aren't forced to think outside the box, they 

become less productive on the job and are less likely to contribute anything of value to the 

company in the long run. With B.P.O.'s rapid expansion over the last decade, workers now have 

several opportunities to try something new in the workplace. According to the research, 

employees tend to go to organizations that provide better salaries compared to the market 

standard. The experience obtained is meaningless because of the low level of talent and 

inventiveness required for the work. Furthermore, advancement possibilities inside an 

organization are few. 
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 The success rate of companies in mitigating these risks is low because of a lack of 

organized and powerful analytics. In order to assist them better manage these risks, we want to 

use technology to provide preemptive warnings in the following ways: • Anticipating probable 

attrition trends in the form of employee groups, locations, types of work, levels, etc. Benefiting 

from information on high-performing workers, we can determine the most effective profile for 

future hires. These analyses are not a one-and-done task, but rather an ongoing process that 

adapts to changing circumstances. Reducing the total number of workers is known as 

EMPLOYEE ATTRITION. Attrition occurs when a company loses workers over time. This 

indicates a greater rate of staff turnover than is being replaced. Any time an employee stops 

working for the firm, whether voluntarily or involuntarily, whether due to layoff, leave of 

absence, or death. The term "BIG DATA" refers to data sets that are very large and still 

increasing at an exponential rate. Big data is information that is too big or too complicated for 

the storage or processing capacities of today's standard data management systems. 

 

II. RELATEDWORKS 

 

When given the opportunity, workers leave one company to join another, since the global 

competitive landscape means that those with the necessary skills and abilities may choose from a 

sea of potential employers. The negative consequences of employee turnover on workplace 

productivity and the timely achievement of organizational goals have elevated employee 

turnover to the status of the most pressing problem facing all businesses today. To combat this 

issue, businesses are increasingly turning to machine learning strategies for help in foreseeing 

staff departures. Accurate forecasting allows businesses to take steps for staff retention and 

succession at the appropriate times. 

 

They developed a new model for forecasting employee turnover in the existing system, called 

XGBoost, which is based on machine learning and has shown to be quite accurate in the past. 

For the purpose of verifying the efficacy of the suggested system for Employee Attrition, the 

data set is gathered through online database and fetched to the system, with the system 

displaying extremely impressive and precise findings with regards to Employee turnover 

behaviour. The topic of employee turnover has been the subject of several in-depth 

investigations, and many successful data mining issues have been demonstrated. This study 

focuses on voluntary attrition, however it acknowledges the existence of research on forced 

attrition. 

 

According to Kransdorff A.'s research, the rate of voluntary attrition has been rising steadily 

over the last decade, and workers often leave their employers after six years in order to further 

their careers. The company will suffer major consequences if upper management is not notified 

as soon as possible that its top achievers are considering leaving [1]. Functional turnover (i.e. 

strong performers leave and weak performers remain) may aid minimise optimum organisational 
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performance, but too much of it can have a negative impact on productivity and output, as shown 

by the research of Julie T. Johnson, Rodger W. Griffeth, and Mitch Griffin. Loss of business and 

connections are the most common results, putting the achievement of the company's goals at risk 

[2]. [3]. Also, Abbasi, Sami M., and Kenneth W. Hollman have suggested a notion of 

dysfunctional turnover. When employees have a dysfunctional turnover (excellent performers 

remain and poor performers go), it may harm the company's organisational structure by slowing 

down the rollout of new initiatives, stifling creativity, and decreasing productivity [4, 3]. In 

today's highly competitive business environment, this might have serious consequences for a 

company's growth. According to research conducted by Dolatabadi, Sepideh Hassankhani, and 

Farshid Keynia, the higher the rate of staff turnover, the greater the financial loss to the 

company. According to his estimates [5,] even a turnover rate of 5% may cost an organisation 

around 1.5 times an employee's yearly salary. 

 

In addition, Abbasi, Sami M., and Kenneth W. Hollman have identified and emphasised a 

select group of key factors that contribute to employee turnover of their own will. Toxic work 

environments and practises are also on the list, along with problematic recruiting practises, poor 

management, an insufficient emphasis on employees' contributions, and an absence of incentive 

programmes that can compete with the market. This research also found that managers' work 

styles, working conditions, and effective recruitment and hiring techniques all have a role in 

encouraging employee turnover [4]. Age, tenure, compensation, overall work happiness, and 

employees' views of justice are all factors in voluntary departure, according to a meta-analytic 

research conducted by Cotton, J.L. and Tuttle, J.M. [6]. Studies by Allen and Griffeth, as well as 

D. Liu, T. R. Mitchell, T. W. Lee, B. C. Holtom, and T. R. Hinkin, reveal similar results on pay, 

benefits, working conditions, satisfaction on the job, management support, career development 

opportunities, and more. [7] [8]. In order to reduce staff turnover, several BPO companies have 

used technology solutions. An information management firm, for instance, must actively work to 

reduce employee turnover if it is to maintain its position as a provider of "best-in-class" services 

at an affordable charge [9]. The "Early Warning System" (EWS) they implemented with RAG 

(Red, Amber, Green) indications has successfully reduced the turnover rate by a substantial 

margin. With the help of the IBM Watson team, M. Singh et al. have released a framework that 

uncovers the root causes of employee turnover and predicts who would leave the company in the 

future. The methodology is based on the difference between the EACB and EACA, or the 

expected cost of attrition before and after the retention period, respectively [10]. The primary 

goal of this project is to describe, demonstrate, and evaluate machine learning methods for 

detecting attrition at a well-known health-sector revenue cycle management firm, with the 

ultimate goal of providing a solid technical solution to the problem by anticipating the causes of 

attrition. With a focus on voluntary turnover, the HR team may utilise the findings to identify 

and address the most pressing causes of employee departure. The results of the literature review 

are summarised in TABLE I. above. Studies from various articles are included in the following 
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sections to highlight the inadequacy of some models and to promote models that show good 

outcomes. 

 

 

S.NO  AUTHOR(S)  METHOD USED  PREDICTED 

VALUE  

YEAR  

1.  V.Saradhi & Girish Keshav 

Palshikar  

Support Vector 

Machine  

74.12  2011  

2.  Rohit Punnoose & Pankaj Ajit  Logistic 

Regression  

77.69  2016  

3.  Dr. M. S. Loganathan & S. 

Ashwini  

Naive Bayes  79.53  2017  

4 L. Alaskar, M. crane,  Mai A.  

Alduailij  

 

Random Forest  

 

80.33  

 

2019 

5 M. Hoffman & Steven Tadelis  XGBoost 82.04 2021 

 

 

 

III. PROPOSED SYSTEM ARCHITECTURE 

 

The proposed system contains the following modules and it is represented in Fig.1.  

 Collecting Data 

  Importing Libraries 

  Pre-processing the data 

  Model building 

  Predicting value 

  Validating Output  

 

Libraries Used 

 numpy           

 pandas 

 matplotlib 

 seaborn 

 sklearn 

 

Used Algorithms 

 

1.NAÏVE-BAYES 
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An application of Bayes' theorem, the Naive Bayes algorithm is a supervised learning 

technique used to resolve classification issues. 

2.RANDOM  FOREST 

A Forest Chosen at ensemble learning, the act of merging several classifiers to solve a 

complicated issue and increase the performance of the model, forms the basis of this 

approach. 

 

             
 

Fig.1Proposed system architecture 

 

IV. RESULTS AND DISCUSSION 

 

The output screens obtained after running and executing the system are shown from Fig.2 to Fig 

4. 

Naive-bayes :    Accuracy:80.95                                                           

 Random Forest: Accuracy:86.41 

 

Fig.2 Naïve bayes 
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Fig.3 Predicting values 

 

Fig.4 validating Output 

 

V. FUTURE SCOPE AND CONCLUSION  
 

Different machine learning methods, including Nave Bayes and random forest, are contrasted 

and analysed side by side in this study. Predicting Employee Turnover and Performance with 

79.16% Accuracy Using Random Forest with Feature Selection. The loss of skilled workers may 

have far-reaching effects on a business. Most modern businesses realise they must do something 

to stem the tide of employee departures, and they do it by mining the data they collect in search 

of trends. However, even in very mature companies, success cannot be guaranteed using these 

approaches. Nonetheless, reducing the effects of turnover is one area where more developed 

companies may work together. Assuming a constant and stable attrition rate, businesses might 
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investigate its direct and indirect effects in order to find ways to save costs. Thereafter, 

procedures may be put in place to amplify these effects of talent dilution, guarantee that 

organisational transitions go through without a hitch, and reduce reliance on key employees. 
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