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Using Machine Learning to predict Employee Turnover

Luisa Pereira

Resumo

Atualmente, assiste-se a uma elevada competitividade empresarial, onde cada fator é
determinante para garantir vantagem competitiva. Neste sentido, os Recursos Humanos
assumem grande importancia, sendo a componente essencial para garantir o sucesso de
qualquer organizacao. Deste modo, manter funcionarios altamente qualificados é um
dos maiores desafios enfrentados na atualidade, sendo o turnover dos funcionarios um
problema caro e destrutivo para as empresas. O Lisbon Regional Delivery Hub (LRDH)
da Willis Towers Watson (WTW) nao é excessao, assistindo frequentemente a saida dos
seus funcionarios altamente qualificados.

Esta tese apresenta um duplo sentido: investigar os fatores que influenciam o turnover
dos funcionarios na Willis Towers Watson e determinar o modelo mais eficaz para prever
esse turnover. Com este estudo foi possivel concluir que funcionarios com mais tempo
de empresa, aqueles que foram promovidos, portugueses e individuos com cargos mais
elevados sao mais propensos a permanecer ativos na organizacao. Para além disso, o
estudo também mostrou a eficacia dos modelos de machine learning, onde o modelo de
random forest mostrou ser altamente capaz de prever o turnover dos funciondrios da
WTW.

Estes resultados fornecem insights valiosos para o departamento de recursos humanos
da empresa, uma vez que agora ¢é possivel verificar quais sao os fatores que mais influ-
enciam a saida dos funcionarios e, assim, adotar medidas de retencao dos mesmos. Ao
abordar esses fatores, o LRDH da WTW, além de reduzir a rotatividade dos funcionarios,

pode melhorar seu desempenho produtivo e retorno financeiro.

Palavras-chave: MachineLearning; Gestao de Recursos Humanos; Turnover dos fun-
ciondrios; Willis Towers Watson (WTW); Modelos de previsao




Using Machine Learning to predict Employee Turnover

Luisa Pereira

Abstract

Nowadays, the business world is characterized by high competitiveness, where every
factor is essential for ensuring the success of a company. In this sense, Human Resources
take on great importance, being the essential component for ensuring the success of any
organization. Thus, retaining highly qualified employees is one of the biggest challenges
faced today, with employee turnover being a costly and destructive problem for companies.
Thee Lisbon Regional Delivery Hub (LRDH) of Willis Towers Watson (WTW) is no
exception, with its highly qualified employees leaving annually.

This thesis has a dual purpose: to investigate the factors that influence employee
turnover at Willis Towers Watson and to determine the most effective predictive model
for predicting that turnover. This study found that employees with longer tenure, those
who have been promoted, Portuguese nationals, and individuals in higher-level positions
are more likely to remain active in the organization. Additionally, the study also showed
the effectiveness of machine learning models, with the random forest model being highly
capable of predicting employee turnover at WITW.

These results provide valuable insights for the company’s human resources depart-
ment, as it is now possible to identify the factors that most influence employee departures
and, thus, adopt retention measures. By addressing these factors, the LRDH of WTW
can not only reduce employee turnover, but also improve its productive and financial

performance.

Keywords: Machine Learning; Human Resources Management; Employee Turnover; Willis
Towers Watson (WTW); Predictive models
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1 Introduction

There are several reasons why individuals are considering leaving their current organi-
zations, making it crucial to anticipate potential workforce attrition. In recent years,
there has been a significant increase in research focusing on employee turnover. Cur-
rently, companies are highly competitive, and a loss of talent can impede a company’s
performance. Consequently, organizations increasingly invest in their human resources,
providing training and development opportunities to thrive in their respective markets.
Moreover, nowadays, the market presents abundant opportunities, and employees are
always seeking to advance their professional careers. Thus, retaining highly skilled em-
ployees is one of the biggest concerns for contemporary organizations. A high employee
turnover rate can lead to substantial cost increases and diminished productivity, compro-
mising organizations’ financial health and operational stability (Yigit and Shourabizadeh,
2017; Winne et al., 2019; Carmeli and Weisberg, 2006; Chowdhury et al., 2022).

In this sense, replacing an employee is an arduous, time-consuming process fraught
with associated costs. Predicting in advance the factors that lead an individual to leave
the organization can prove invaluable, as it allows pre-emptive retention measures to be
implemented, averting the loss of highly qualified personnel. Consequently, using current
and past employee data becomes a valuable asset to identify the most significant factors
contributing to employee turnover. This information can be used in employee retention
strategies (Yigit and Shourabizadeh, 2017; Carmeli and Weisberg, 2006; Chow et al.,
2007).

In addition to the increasing number of studies on employee turnover, machine learning
algorithms are increasingly used in human resources studies. Accurately predicting the
factors influencing an individual’s intention to leave their current employment can be
challenging. However, the fusion of machine learning algorithms with employee data from
a specific organization can be pivotal in precisely predicting these factors, facilitating the
implementation of measures to counteract this desire (Garg et al., 2022; Andrews and
Mohammed, 2020).

The Willis Towers Watson (WTW) Lisbon Regional Delivery Hub (LRDH) experi-
ences a recurrent loss of highly skilled employees yearly. The company heavily invests
in nurturing its human capital through constant training programs tailored to its em-
ployees” work domains. Consequently, employee turnover results in additional costs and
erodes team productivity, requiring continuous readjustment and a clear understanding
of human resources requirements for smooth operations. Accurately assessing employee
turnover and the variables influencing it poses a challenge for the company’s Human Re-
sources (HR) department. Thus, it is essential to scrutinize these factors to enable HR to
address turnover or even gain insights into staff requirements proactively.

Willis Towers Watson is a globally recognized consulting firm specializing in risk man-



agement, insurance, benefits, and human resources. The company is recognized for its
analytical excellence and insights expertise, which aids organizations in making informed
decisions. It offers consulting services and human capital solutions to organizations world-
wide, helping them optimize benefits planning, manage risk, and improve talent manage-
ment. In this sense, WTW’s LRDH partners, with consulting teams across Great Britain
and Western Europe, aim to deliver high-quality technical work using streamlined and
efficient processes. The areas of expertise encompass actuarial valuations, UK-specific
pension calculations, data auditing and cleaning, project management and service coor-
dination, calculation automation, and configuration of specialist software. At WTW’s
Lisbon Hub, employees deliver on the promise of respect, trust, integrity, teamwork, and
client focus every day. Given the high expertise of its workforce, retaining talent is im-
perative, making employee turnover prediction a central concern for the company.

The main objective of this thesis is to understand the factors influencing employee
turnover at WTW’s LRDH. Initially, supervised machine learning will be employed to
predict the determinants of employee turnover. Subsequently, each model’s accuracy will
be evaluated, ensuring that the information delivered to the Human Resources department
is precise and actionable, leading to effective retention strategies. Thus, this thesis focuses

on the following research questions:

1. How can machine learning be used to predict employee turnover at Willis Towers
Watson Lisbon Hub?

2. What are the key factors affecting employee turnover at the WTW Lisbon Hub?
3. How can machine learning be used to develop tools for employee retention strategies?

In conclusion, this study will focus mainly on WTW’s LRDH, using internal organiza-
tional data to establish a robust framework for predicting turnover within the company;,

incorporating supervised machine learning algorithms.



2 Literature Review

2.1 Introduction to employee turnover
2.1.1 Definition of turnover and importance of managing employee turnover

Effective turnover management is a current concern of all competitive organizations, as
human capital plays a pivotal role in determining an organization’s long-term success (Lee
and Mitchell, 1994).

Consequently, employee turnover (ET) is one of the biggest challenges faced by modern
companies, is a fundamental concept in the field of human resources management, and
has been subject to extensive study over the years (Chowdhury et al., 2022). Therefore,
ET can be defined as the rate at which employees depart from an organization and
are subsequently replaced by others, being a critical metric to understand the dynamics
involved in managing the human capital of an organization (Lyons and Bandura, 2020;
Allen and Meyer, 1990).

Turnover can be categorized as either voluntary or involuntary. The first occurs when
an employee leaves the organization, while the second arises when the employer decides
to terminate the contract with the employee (Ongori, 2007). According to Lyons and
Bandura (2020), voluntary turnover can result from several factors, including job dissat-
isfaction, an absence of career advancement opportunities, ineffective management, low
pay, and lack of recognition. Conversely, involuntary turnover can be attributed to factors

such as poor performance, violation of company policies, or downsizing (Ongori, 2007).

2.1.2 Economic and organizational impact

Employee turnover carries adverse economic and organizational consequences, and it is
crucial to understand the financial and operational implications of this phenomenon for
organizations to formulate effective human resource management strategies (Becker and
Huselid, 1998).

From an economic perspective, significant costs are incurred when a key and senior
employee voluntarily departs from the company. These costs include direct costs of de-
creased productivity, costs associated with recruitment and training, and indirect costs,
including loss of human capital, waste of organizational processes, and time to replace
new employees (Wécke and Heymann, 2012).

In organizational terms, employee turnover can exert repercussions that extend beyond
the financial aspects (Becker and Huselid, 1998). High turnover rates can engender insta-
bility within the work environment, negatively affecting the organizational culture. This
phenomenon can lead to a weaker employee connection to the company and reduced mo-
tivation to perform at their best (Lazzari et al., 2022). Furthermore, excessive employee

turnover can hinder operational continuity, as remaining employees must frequently adapt



to new colleagues and processes, potentially impacting the quality of the work (Brenyah
and Tetteh, 2016).

2.2 'Traditional models of Employee Turnover

Over the years, research on employee turnover has significantly increased, resulting in a
substantial number of articles and critical studies focused on ET. Some of the prominent
studies in this area include those by Mobley (1977), Lee (1988), Lee and Mitchell (1994),
Morrell et al. (2008), and Wocke and Heymann (2012).

Mobley’s model was particularly significant as it introduced the concept of the rela-
tionship between job dissatisfaction and the decision to leave a company. This model
argues that job dissatisfaction is the primary determinant of voluntary turnover. When
employees become dissatisfied with their work, they explore alternative opportunities,
evaluate job offers, and assess the associated costs of leaving their current job (Lee and
Rwigema, 2005; Wocke and Heymann, 2012).

Lee (1988) model expanded upon Mobley’s (1977) model, replacing the concept of
job satisfaction with job commitment and involvement. This model concluded that these
factors play a pivotal role in voluntary turnover (Lee, 1988).

The Unfolding Model, introduced by Lee and Mitchell (1994), offers an alternative
perspective to understand the concept of voluntary turnover. This model suggests that
the turnover process follows four distinct decision paths, influenced by shocks or natural
processes that trigger change. These shocks can alter an individual’s perception of their
current employment, prompting them to reconsider their commitment. The first path
involves a system shock that compels the worker to evaluate their situation based on
personal characteristics and past experiences. The second path occurs when a system
shock occurs but without prior work alternatives or past experiences. The third path
arises when a system shock happens, but there is no recollection of past experiences.
However, alternative job options are available. The fourth path occurs when there is no
system shock, and the employee merely reevaluates their current situation and desire to
remain in the company (Lee and Mitchell, 1994).

Lastly, the model proposed by Morrell et al. (2008), titled '"Mapping the Decision to
Quit: A Refinement and Test of the Unfolding Model of Voluntary Turnover,” aimed to
test the models presented by Lee and Mitchell (1994) and Lee at. Al. (1999). This model
includes criticisms and suggests that the decision to leave the current job unfolds over
time, with the employee going through a series of steps before making a final decision.
However, this model proved to be more accurate than the previous ones (Morrell et al.,
2008).



2.3 Factors affecting employee turnover

Before an individual formally departs from the organization they are employed by, there
is an intention to do so, referred to as turnover intention. Consequently, before the actual
departure from the company, an employee nurtures the desire to leave, which can occur
due to several factors. These factors can be categorized into individual, organizational,
and environmental factors (Lo, 2013).

Lo initiates by dividing the individual factors into two primary groups, namely job-
related factors and individual characteristics, which are inherent traits of each individual.
Job-related factors are the most studied factors, which include attributes such as auton-
omy, job feedback, job/task significance, skill variety, and task identity. Furthermore,
organizational factors encompass the work environment, compensation and incentives,
fairness procedures and distribution, and human resource strategies. Lastly, environmen-
tal factors pertain to all social factors and the prevailing labor market conditions (Lo,
2013).

Before the occurrence of turnover, the employee often experiences the intention to leave
their current organization, referred to as “turnover intention,” which significantly influ-
ences their behavior (Lo, 2013). Job satisfaction is a critical factor impacting turnover.
Contented employees tend to have no intention to seek alternative employment and re-
main loyal to their current company (Bender and Heywood, 2006). Demographic variables
are social categories for individuals and also play a substantial role in influencing job sat-
isfaction (Sibiya et al., 2014). Among these demographic variables, age, gender, and
education are particularly significant factors contributing to employee turnover (Waécke
and Heymann, 2012). However, it is crucial to exercise caution when utilizing human re-
sources data for studies, as misusing algorithms can lead to uninformed decision-making
(Chowdhury et al., 2022).

Gender is an influential factor in employee turnover, with studies indicating that male
employees are more likely to leave their organization (Bender and Heywood, 2006; Lo,
2013; Wocke and Heymann, 2012). Conversely, women responsible for caregiving in their
families tend to find greater workplace satisfaction when flexible in balancing their family
commitments. Consequently, married individuals with children are more interested in job
stability, resulting in lower turnover (Bender and Heywood, 2006).

Another influential factor is employee age (Finegold et al., 2002; Nagadevara et al.,
2008; Wocke and Heymann, 2012). Finegold et al. (2002) suggest that senior workers are
more committed to their organizations. The author argues that young technical employ-
ees, in the early stages of their professional careers, prioritize professional development
and career advancement. In contrast, older workers prioritize job security and work-life
balance (Finegold et al., 2002). Consequently, turnover is more prevalent among young,

qualified workers than senior workers (Nagadevara et al., 2008; Wocke and Heymann,



2012).

Education also plays a role in predicting an employee’s intention to leave their current
company (Bender and Heywood, 2006; Sibiya et al., 2014). Lo (2013) argues that edu-
cation exhibits a negative relationship with job and career satisfaction, indicating that
highly educated individuals are less satisfied with their current jobs and more desirous of
career advancement (Lo, 2013; Pattie et al., 2006). Additionally, if their roles match their
educational backgrounds, they are likelier to stay with the company (Pattie et al., 2006).

Tenure corresponds to the length of an employee’s service in a specific company and
role, which is another influential factor in employee turnover (Carmeli, 2003). According
to Lo (2013), younger, single, highly educated individuals with shorter organizational
tenure are more prone to turnover. Consequently, older individuals with longer years
of service are more likely to continue working in the same company (Nagadevara et al.,
2008). (Lee and Rwigema, 2005) propose that this phenomenon may be attributed to the
challenges that older employees face in adapting to the new work environment.

Employees’ job level is another factor affecting their commitment to the company.
Consequently, individuals in higher positions with higher salaries tend to have less inten-
tion of leaving their current job (Bender and Heywood, 2006). Moreover, when companies
prioritize employee benefits such as promotions and training, employees tend to exhibit
an increased commitment to the organization, leading to reduced turnover (Chow et al.,
2007; Lo, 2013).

Another factor that is linked to employee turnover is employee burnout. Employees
experiencing high levels of burnout due to an increased workload are more likely to con-
template leaving their current job. Hence, the human resources team must take proactive
measures to prevent employee burnout (Koo et al., 2020). Conversely, when employees
feel that they matter to the organization and their opinions are highly valued, they are

less inclined to apply for new jobs (Atouba, 2018).

2.4 Machine Learning in Human Resources: Challenges and

Ethical considerations

Companies like Google and P&G are increasingly using sophisticated data collection tech-
nology and analysis to maximize the potential of their available talent pool. The key to
thriving in talent analytics lies in having access to high-quality data (Davenport et al.,
2010).

Machine Learning (ML) finds multiple applications in the realm of human resources,
encompassing recruitment, selection, employee engagement, training and development,
performance management, employee turnover prediction and team dynamics, and human
resource allocation (Garg et al., 2022). Many organizations have transitioned from tra-

ditional human resource management models to analytical models that enable real-time



deployment adjustments based on current requirements in an ever-evolving market land-
scape (Davenport et al., 2010).

According to Garg et al. (2022), the use of machine learning in managing human capital
within companies is still in its nascent stages but has garnered significant attention from
technology researchers. The integration of ML in HR ensures swifter, more cost-effective,
and more intelligent human resource management, enabling data-driven decision-making
and enhancing efficiency.

In summary, human resource management is a labor-intensive and costly process.
However, with the implementation of machine learning, many operations can be auto-
mated and streamlined to facilitate the optimization of available talent within an organi-
zation. It is important to emphasize that the goal is to improve decision-making, not to
change the people involved in HR data processes (Garg et al., 2022).

In the contemporary landscape, many HR decisions are driven by algorithms, to re-
duce costs and enhance operational efficiency (Kochling and Wehner, 2020). Falletta
and Combs (2021) define HR analytics as a ‘proactive and systematic process for ethically
gathering, analyzing, communicating and using evidence-based HR research and analytical
insights to help organizations achieve their strategic objectives’.

Leveraging human resources data can pose challenges, particularly concerning issues of
privacy and compliance during data collecting and processing. Consequently, it is essential
to recognize that HR professionals bear ethical responsibility for promoting fairness and
justice for all employees within an organization (Falletta and Combs, 2021).

In conclusion, although organizations often rely on policies to reduce bias, it is essen-
tial to recognize that these policies are not neutral or unbiased (Ko6chling and Wehner,
2020). Therefore, using HR data must be approached with diligence, and companies
must contemplate how they acquire and manage the data from their employees. This
should be done based on evidence-supported practices and ethical principles prioritizing

transparency and establishing trust (Falletta and Combs, 2021).

2.5 Relevant research in machine learning for predicting em-

ployee turnover

Despite the traditional methods mentioned above, there has been a notable increase in
studies using Machine Learning to predict and mitigate employee turnover. Numerous
studies have explored predictive analyses of employee turnover within specific companies
or sectors. However, many of the published articles focus on variables like job satisfaction,
career opportunities, benefits, and organizational commitment, among others (Lazzari
et al., 2022; Kae et al., 2021; Sikaroudi et al., 2015; Punnoose and Ajit, 2016). These
variables were typically measured through questionnaires and surveys, which will not be

employed in this study because certain variables used in other studies are inaccessible for



inclusion in the presented model. Nevertheless, some variables will be examined, such as
marital status, gender, education, and time worked in the organization, among others.

One of the recent studies conducted by Lazzari et al. (2022) employed both qualitative
interviews and quantitative methods. In this study, the authors apply a questionnaire
of 123 questions that inquires about contextual information, items related to several
HR themes, and a target question, used to assess the employee’s intention to leave the
organization. The questionnaire was distributed to 18322 employees of a multinational
company operating across 56 countries. The study employed various machine learning
approaches, including Logistic Regressions (LR), K-Nearest Neighbor (KNN), Decision
Trees (DT), Random Forests (RF), and Boosting. The findings indicated that logistic
regressions and Boosting classifiers exhibited the highest predictive power for turnover
intention (Lazzari et al., 2022).

Another similar study conducted by Sikaroudi et al. (2015), focused on a case study
in Arak, province of Iran, involving a supplier of automobile manufacturing and products
automotive parts. This study analyzed similar variables to the previous one but also
evaluated technical skills, compatibility of the body with the job, working experience,
and the number of job changes of employees, among others. Furthermore, it utilized two
different databases, the first with data from employees who are in the company and the
second with data from employees who left the company. The first group corresponds to
about 80% of the database. Machine Learning models were used, such as decision trees,
random forests, Support Vector Machine, and logistic regression. The study analyzed
the feature importance and concluded that age and marital status are less important
(25.8% and 25.4%, respectively). Conversely, it showed that factors such as a number of
previous jobs and knowledge of working conditions and laws exhibited 100% importance
in employees’ intention to leave (Sikaroudi et al., 2015).

In 2021, Kae et al. (2021) conducted a study using a dataset that could contain
the information referred to through different methods, such as surveys, interviews, web
scraping tools, or datasets from online. In this study, machine learning models were used
similar to the previous ones, such as logistic regression, Support Vector Machines, K-
nearest neighbor, decision tree, Naive Bayes, and random forest. This study analyzed the
variables affecting turnover and identified a strong correlation between overtime worked
and turnover intention, indicating employee aversion to overtime. Conversely, it was
also possible to conclude that employees with a higher tenure were less likely to leave
the organization, showing a negative correlation between turnover intention and Total
Working Years (Kae et al., 2021).

A more specific study was carried out by Punnoose and Ajit (2016) where they used
an advanced Machine Learning algorithm called Extreme Gradient Boosting, comparing
it with six other supervised classifiers (logistic regression, Naive Bayesian, random for-

est, Support Vector Machine, Linear Discriminant Analysis, K-Nearest Neighbor). The



study’s primary goal was to predict employee turnover in a particular level of store lead-
ership team of a global retailer over 18 months. The findings indicated that the Boosting
classifier outperformed the others in terms of accuracy, relatively low runtime, and efficient
memory utilization (Punnoose and Ajit, 2016).

Lastly, the study proposed by Yigit and Shourabizadeh (2017) analyzed 30 company-
related variables using various machine learning models, including logistic regression,
random forest, decision tree, KNN, Naive Bayes, and support vector machine (SVM).
The study evaluated the performance of these models using classification metrics such as
accuracy, precision, and recall. SVM outperformed the other models in terms of both
accuracy and precision, with values of 0.914 and 0.51, respectively. However, logistic
regression and random forest also demonstrated high accuracy, with values of 0.855 and
0.879, respectively. While logistic regression and random forest had slightly lower precision
scores than SVM (0.35 and 0.45, respectively), the decision tree achieved the highest recall
score of 0.43, outperforming SVM.

These studies underscore the potential of Machine Learning as a powerful tool in
predicting employee turnover and understanding the contributing variables. Employing
different algorithms enables organizations to predict the turnover of individuals in a given
organization or sector. Nevertheless, as in traditional models, the use of Machine Learning
for turnover prediction presents its own set of limitations and challenges, as outlined in
these studies. These limitations may include difficulty in interpreting the results or the
need for standardized and representative data. Thus, while using machine learning to
predict turnover offers numerous advantages, it is essential to be aware of the existing
limitations and actively work to address them (Lazzari et al., 2022; Kae et al., 2021,
Sikaroudi et al., 2015; Punnoose and Ajit, 2016).

2.6 Interventions in Human Resources to reduce turnover

Employee turnover can result in several consequences for a company, some of which may be
challenging to replace or rebuild. Therefore, it becomes crucial to accurately predict who
intends to leave the organization in advance. This perspective ability empowers the human
resources team to develop necessary strategies to mitigate this intention (Wang and Zhi,
2021). Consequently, reducing turnover is essential to minimize costs and enhance overall
performance, necessitating the development of strategies aimed at reducing employee
turnover (Andrews and Mohammed, 2020).

By adopting models capable of identifying the pivotal factors that are determinant
in the intention of employees to leave the company, human resources can take measures
that contradict this will. Such measures may include instituting rewards and recogni-
tion programs for employees aligned with the organization’s objectives, offering increased

opportunities for training and development, providing competitive salaries and benefits,



and fostering an environment where employees feel valued and heard, allowing them to
voice their ideas (Andrews and Mohammed, 2020; Abdalkrim, 2012). When an employee
perceives that their current company offers advantages over others, such as opportunities
for career growth opportunities, their intention to leave the organization diminishes, and
their commitment to the company strengthens (Abdalkrim, 2012).

For instance, Finegold et al. (2002) contends that younger technical workers highly
value career opportunities. To retain such talents, companies must formulate appropriate
strategies that offer career development prospects tailored to these employees’ aspirations.
Hence, it is imperative for the Human Resources Team to monitor variables that affect
job satisfaction and employees’ emotional commitment. Armed with this insight, HR
team can take the necessary steps to reduce turnover, increasing the productivity of the
employees (Carmeli and Weisberg, 2006; Chow et al., 2007; Winne et al., 2019).

10



3 Methodology

3.1 Business understanding

Every year, Willis Towers Watson invests substantially in employee training and has an
active team to provide all the training sessions. Each employee who joins the organi-
zation undergoes an extensive 2-3 months of training sessions, incurring both time and
considerable costs for the company. This study aims to identify the factors influencing
turnover so that the Human Resources team can implement preventive strategies to re-
tain qualified employees. In addition to the direct costs associated with training, there are
additional expenses related to recruitment processes and the consequential loss of produc-
tivity resulting from the departure of highly skilled employees, among other contributing
factors.

This study is conducted using a data sample from individuals employed at Willis Tow-
ers Watson’s Lisbon Hub. The main department at the company’s hub is the Retirement
department, where a significant number of employees depart every year. It is crucial to
understand the factors causing employees to leave so that these issues can be addressed
proactively. Therefore, the dataset used in this study comes from a sample of employees
who work or have previously worked in this department.

Thus, the main objective of this study is to use Machine Learning models to predict
employee turnover. This approach enables swift action to prevent the loss of qualified

employees and mitigate additional costs associated with managing human capital.

3.2 Data Understanding and Exploratory Data Analysis

As previously mentioned, the data used in this research were provided by the HR depart-
ment of Willis Towers Watson’s Lisbon Hub and covers the period between 2018 and 2023.
The dataset contains 199 observations, 91 of which correspond to non-active employees,
while 108 observations are from active employees. The features used in the study are
presented in Table 1, along with their descriptions.

It is essential to note that there are five different branches for the ‘Education Field’
variable: ‘Mathematics or Actuarial Science’, ‘Management, Economics or Administra-
tion’, ‘Engineering’, ‘Science, Physics and Chemistry’ and ‘Humanities and Languages’.
Additionally, the Job Levels presented in the dataset are 48, 53, 58, 63 and 68. It is
important to note that this variable appears in reverse order, indicating that a higher
value corresponds to a lower employee Job Level. Other variables that are important for
this study are Total Services and Total Projects. It is essential to understand that WTW
employees may be involved in multiple Billing Groups (Services), and within these Billing
Groups, there are several Billing Units (Projects), which represent various projects that

an employee may have participated in within the organization between the years of 2018
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and 2023.

Table 1: HR data features

No Feature Description Data type
1 Employee code | Code that identifies the employee Categorical
2 Active 1 if is an active member, 0 otherwise Binary
3 Gender 1 if female, 0 if male Binary
4 Age Age of each employee Numeric
5 Nationality 1 if Portuguese, 0 otherwise Binary
6 Education field | Education field of the employee Categorical
7 Job level Level of the employee within WTW Categorical
8 Marital status | 1 if married, 0 otherwise Binary
9 Children 1 if has children, 0 otherwise Binary
10 Seniority Tenure at WIT'W Numeric
11 Promotion 1 if had a promotion, 0 otherwise Binary
12 | Distance to office | Number of kilometers between home | Numeric

and the Lisbon Hub of WTW

13 Overtime Average of the overtime worked, per | Numeric

year

14 | Training hours | Average of the training hours, per year | Numeric
15 Total Services | The maximum number of services | Numeric

worked

16 Total Projects | The maximum number of projects | Numeric

within the services worked

All the information in the dataset comes from private data provided by WTW’s HR
department, using an ‘Employee Code’ to guarantee the confidentiality of the information
shared. In general, the dataset has no missing values or suspicious outliers.

Of the 199 observations in the dataset relating to WTW Lisbon Hub employees, ap-
proximately 45.7% are female, while the remaining 54.3% are male employees. The graph
below illustrates that the difference between men and women is more pronounced among

the employees who have already left the company (non-active employees).
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Figure 1: Gender Distribution by Active/Non-active Employees

Furthermore, by examining Figure 2, it is possible to analyze the age distribution by
gender and employment status. At first glance, it is evident that most individuals are
concentrated at younger ages, and the average age of inactive employees is higher than
that of their active counterparts. This is normal, as employees typically leave the company
at an older age than when they initially joined, resulting in an overall increase in age due
to their tenure in the organization. Moreover, the average age of female employees in the
company is also lower than that of males, suggesting that women tend to join earlier.
The density of active women between the ages of 30 and 40 is higher than that of men,
indicating that women seek more excellent professional stability and don’t risk as many
new career opportunities at this stage. Conversely, the concentration of men in the inactive
group during this stage is notably higher, suggesting that they take more professional risks
at this stage. Another common trend observed is the higher concentration of active men
after age 40, potentially indicating that many women in this age group may opt to step

back from their professional careers to the detriment of increased family responsibility.
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Figure 2: Age Distribution by Gender and Activity (Active/Non-active)

Analyzing the Job Level, the plot below indicates the concentration of cases regarding
employees with a lower level in the company, specifically at level 68. This asymmetry
results from the limited data available for employees with more tenure in the company
and higher job levels. However, in the three intermediate levels, there are more active
employees than non-active ones. Focusing on level 53, out of the 15 sampled employees, 14
are currently active, which may be a lower employee attrition rate at this organizational

level.
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Figure 3: Active and Non-active Employees by Job Level
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Another crucial variable in this study is 'Total Services’ since it is essential to un-
derstand the impact of working in different Billing Groups on employees. Analyzing the
figure below, there is little difference between active and inactive employees across dif-
ferent service levels. However, the most significant difference arises for a single service,
possibly because there is a lot of information about newcomers to the company who have

not yet had the opportunity to work and explore various Billing Groups.
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Figure 4: Number of Services (Non-Active/Active)

Finally, promotion is another crucial variable, as it is essential to understand whether
promotion positively affects the intention to stay in the company. Analyzing the figure
below, it is possible to see that for 'No promoted’, there isn’t much difference between
Actives and Inactives. However, those who have been promoted are more active than
non-active employees, suggesting that if an individual is promoted, they are more likely

to stay in the company.

150

Count

B Non-active Active

50

76

32

No Promoted Promoted
Promotion

Figure 5: Comparison of Employee Promotion (Non-active/Active)
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3.3 Data Preparation

For this study, the employee dataset underwent a data-cleaning process to ensure the
reliability and quality of the models. In general, the analysis focused on missing values
and possible outliers. This analysis revealed no missing values or suspicious outliers, and
no changes or deletions were necessary.

Initially, the HR department provided the employees’ postcodes to calculate the "Dis-
tance to office’ variable. For each postcode, coordinates were obtained for the approximate
distance from the office to each employee’s home. Additionally, the Education Field vari-
able had to be converted into three separate columns: ‘Education_field_Mathematics’,
‘Education_field_Management’ and ‘Education_field_Other_Distinct_Area’. Each of these
dummy variables is assigned a value of 1 if an individual belongs to that field and 0 other-
wise. After creating these three columns, the initial column representing each individual’s
Education Field was deleted, as it was no longer needed. The exact process was applied
to the Job Level column, which was split into five columns based on the values in the
original column. Similarly, the initial column was also eliminated. However, the ‘Ed-
ucation_Field_Other_Distinct_Area’ and ‘job_level 68’ columns were removed to address
multicollinearity issues. In addition, the Employee Code column was also eliminated, as
it only served to identify the employee’s information and was no longer needed for the
study.

To conduct predictive analytics studies, it is necessary to proceed with the preparation
of the dataset to facilitate the training and evaluation of machine learning models. The
changes made served to transform categorical variables into dummy variables, ensuring a
more suitable format for statistical analysis or machine learning algorithms.

After implementing all the necessary changes to make the dataset operational for the
study, it was essential to split it into train and test sets. To guarantee the reproducibility
of the result, a random seed of 123 was set, ensuring that subsequent runs of the analysis
would produce consistent results. Subsequently, the dataset was randomly divided into
training and test sets, using the ‘createDataPartition’ function from the ‘caret’ library. It
is worth noting that the variable used as the target variable for the predictive modelling
was the ‘Active’ variable, which identifies whether the employee is active or inactive in
the company. Furthermore, the dataset was split in a 70/30 ratio, indicating that 70% of

the data was allocated to the training set and the remaining 30% to the test set.

3.4 Modelling

This thesis aims to predict employee turnover at Willis Towers Watson’s Lisbon Hub
using labelled data, so it makes sense to delve into the area of Machine Learning (ML)
that addresses this type of prediction. In this context, supervised learning is the branch

of Machine Learning that instructs machines through examples. During training, systems
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are exposed to large amounts of labelled data, allowing them to learn to recognize clusters
and patterns in the dataset, after being provided with enough examples (Heath, 2020).
This type of machine learning uses labelled training data and a collection of training
examples to infer a function (Sarker, 2021).

In a study, when the result is quantitative or numerical, the research is based on a
regression problem. Conversely, when the result variable is categorical or binary, the
research is based on a classification problem (James et al., 2013). Thus, classification is a
supervised machine learning concept that categorizes data into classes, predicting a class
label for a given example. Mathematically, it maps a function (f) of input variables (X)
to output variables (Y') as a target, label, or category. The most common classification
problems can be binary classification, multiclass classification, or multi-label classification,
and there are several methods widely used in various application areas, such as Naive
Bayes, support vector machine, decision tree, random forest, among others (Sarker, 2021).
In this research, four supervised machine learning models were used: Logistic Regression
(LR), K-Nearest Neighbor (KNN), Decision Tree (DT), and Random Forest (RF).

3.4.1 Logistic Regression

One of the most widely used models for classification problems is logistic regression,
represented in the equation below (Wang and Zhi, 2021; Taddy, 2019). This supervised
machine learning algorithm models binary response variables, taking values of 0/1 and
yes/no. Even when the response of the interest is not binary, there are instances where
decision-relevant information is binary. Examples of this include profit versus loss, and it
is often simplest to think in binary terms (Bewick et al., 2005; Taddy, 2019). Thus, LR is
a linear model for log odds, and the odds of an event are the probability that it happens
over the probability that it doesn’t (Taddy, 2019). In summary, with LR, the occurrence
of a given event is predicted by fitting the data to logit function or log-odds. Therefore,

this algorithm can also be used to predict employee turnover (Kae et al., 2021).

ePothX

PX) =T ax (1)

The fundamental logistic value, represented by the Euler number (e), transforms the
values so that they always fall between 0 and 1. The coefficients of the logistic function
are estimated through maximum likelihood, optimizing, and maximizing the probability
of an observation being assigned to one of the two classes. Consequently, the graphical
representation of the logistic function generates an S-shaped curve that never exceeds the
limits of 0 and 1 (James et al., 2013). In logistic regression, the p-value is used to determine
whether the relationship between the independent variables and the dependent variable
occurs by chance. It’s crucial to recognize that interpreting logit model coefficients is

not straightforward, as it deviates from the linear framework. Unlike linear regression,
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where coefficients represent the average change in the dependent variable for a one-unit
shift in the independent variable, in logistic regression, the interpretation is not direct.
To obtain more precise insights, the logitm fz() function is employed to calculate partial
derivatives of the probabilities relative to the independent variables. Therefore, even
when the p-value is less than 0.05 (indicating statistical significance), it is essential to
recognize the inherent complexity in directly interpreting logistic regression coefficients
and seek additional methods to understand the relationship between the variables under
study (Bevans, 2023).

3.4.2 K-Nearest Neighbor (KNN)

Linear regression is an example of a parametric approach since it assumes a linear func-
tional form for f(z). These types of methods are easy to adjust because only a small
number of coefficients need to be estimated. In the case of linear regression, the co-
efficients have simple interpretations, and statistical significance tests can be efficiently
conducted. However, if the functional form f(x) is far from the truth and prediction accu-
racy is the main objective, this method may perform poorly. In contrast, non-parametric
methods do not explicitly assume a parametric form for f(z), providing a more flexible
approach to regression (James et al., 2013).

This flexibility gives rise to the K-Nearest Neighbor model, one of the simplest and
most widely used non-parametric methods (James et al., 2013). The KNN model can be
employed for both classification and regression. The model operates on the principle that
similar input values produce similar output values. KNN selects a specified number (K)
of neighboring data points and averages their values to make a prediction (Sarker, 2021;
Chandra, 2023). This algorithm makes predictions based on the closest distance of the
new example with the training dataset, earning it the classification of a lazy learner as it
does not require learning from the data (Sisodia et al., 2017).

The KNN regression method is closely related to the KNN classifier. In KNN re-
gression, when a value K and a prediction point xy are specified, the process begins by
identifying the K training observations closest to xy, which are represented by Ny. It
then estimates f(z() by calculating the average of all the responses from the training
data found in Ny, as shown in the formula below. Thus, the predicted value of the target
variable for the new data point is equal to the average of the target values for the K
nearest neighbors, where this average process reflects the idea that similar data points

tend to have identical target values (James et al., 2013).

fla) = 3w )

x;€No
Sisodia et al. (2017) argues that KNN exhibits good performance metrics, such as

high accuracy or precision, even though it may not be the ideal model compared to other
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algorithms.

3.4.3 Tree-based Models and the Decision Tree

Tree-based models are another example of popular ML algorithm models that use one
or more decision trees, representing another non-parametric method. Data scientists are
increasingly using this model to visually and explicitly depict decisions and decision-
making. This algorithm presents the representation of an inverted tree, as the root is
positioned at the top. In this representation, each internal node signifies a decision based
on a specific variable, while the edges connect the nodes, illustrating the decision flow,
and the leaf nodes represent the final outcomes of the decision (Ross, 2021; Sisodia et al.,
2017).

When the decision tree is successful, it begins from the root, converting the entire
space of predictor variables and establishing conditions that observations must fulfill for
the selected input variable, referred to as ’decision nodes.” It subsequently divides the
observations into two subsets. This division process continues with each input variable,
resembling branches called ’internal nodes’, until reaching the final result, referred to as
'leaf nodes,” which meet specific anticipated criteria of the target variable. Each node
represents the average of that particular subgroup (James et al., 2013; Taddy, 2019).

Ross (2021) argues that one of the primary advantages of using decision trees is their
output’s readability and interpretability without requiring statistical knowledge, making
them valuable for non-technical audiences. Additionally, this model can process numer-
ical, binary, and categorical predictor variables and can easily handle the presence of
missing data. DTs can be analyzed quite easily, even by non-experts, especially if they
are small (Friedman, 2006; James et al., 2013).

On the other hand, using decision trees has some disadvantages since they are unstable.
This implies that a simple change in the observations can alter the tree’s structure, causing
a change in the ongoing predictive study. Another disadvantage arises as the data is
partitioned, as decision trees tend to make predictions at terminal nodes with minimal
observations. This disadvantage can increase when decision trees become excessively
complex, with a lot of nodes, leading to over-fitting, where the model performs well on
the training data but poorly on unseen data. This may occur because the tree may start
to learn patterns that are unique to the training data, which may not be present in the
real world. However, researchers can control this disadvantage by using more extensive
datasets and implementing appropriate adjustments, such as pruning techniques, where
unnecessary branches are removed to reduce complexity. In general, DTs are another
example of a non-parametric method and do not achieve the same level of predictive
accuracy as other classification models discussed in this study (Friedman, 2006; James
et al., 2013; Taddy, 2019).
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3.4.4 Random Forest

Random forest is another algorithm frequently employed for supervised machine learning
problems, consisting of multiple decision trees rather than a single decision tree for classi-
fication. Sisodia et al. (2017) This method addresses the tendency of DTs to exhibit high
variance in their prediction by using a more sophisticated bootstrapping method. This
method involves randomly selecting a sample from a population and then re-sampling
this sample. During this process, observations are replaced with unseen observations ran-
domly selected from the population, or observations in the sample may even be duplicated
(Taddy, 2019; Khan et al., 2018; Shin, 2020).

James et al. (2013) argue that the practice of creating several training sets from
bootstrapping is called bootstrap aggregation, or bagging. The central idea of bagging is
based on the assumption that each set of n independent observations (7, Zs, Zs, ..., Z,)
has variance o2. Thus, the average variance of these Z observations can be expressed as
o?/n, implying that averaging the observations reduces the total variance (James et al.,
2013).

When making a prediction using random forest, there are two main concepts. Firstly,
RF is created by random sampling of training data points, and, secondly, each decision tree
in a forest considers a random subset of features. The prediction using RF is calculated as
the average of all the individual decision trees, providing more accurate results compared
to an individual DT. However, the more diverse the random forest, the more robust the
overall prediction (Koehrsen, 2017).

In this manner, random forests improve performance compared to bagged trees by
reducing the correlation between trees. Instead of using all the predictors in each split,
RF's randomly select a subset of predictors, mitigating the high correlation between trees
and enhancing the robustness of predictions. Typically, the number of predictors (m) used
in each split is limited for each decision tree and is usually defined as m ~ ,/p, where m
is approximately equal to the square root of the total number of available predictors(p).
The primary goal of this approach is to prevent all decision trees in the set from becoming
too similar, as that could result in selecting the same strong predictor variables for the
initial splits.

Furthermore, in random forests, trees are pruned to make them more compact and
effective. This, combined with the random selection of the m predictor variables, prevents
model over-fitting (James et al., 2013). In the Sisodia et al. (2017) study, it was found that
the use of RF provides greater accuracy and precision in predicting employee attrition
compared to the other models used.

To evaluate feature importance in tree-based models, such as decision trees and random
forests, the Mean Decrease Gini (MDG) index is used. The MDG index quantifies the

average impurity decrease in all the tree nodes where a given feature is used. In this
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context, the higher the value of this measure, the more influential the variable is for the
model. In summary, the MDG index measures whether a given feature contributes to
reducing impurity in the data and, consequently, enhances the model’s accuracy (Menze
et al., 2009).

3.5 Evaluation

Models can be evaluated using various metrics. However, it is necessary to understand
which metric is the best for evaluating the model, as it depends on the problem being
solved. Evaluation metrics are quantitative measures used to assess the performance and
effectiveness of a statistical or machine learning model. These metrics provide insights
into how well the model performs and aid in comparing different models or algorithms
(Ghosh, 2023).

3.5.1 Accuracy

Classification accuracy is one of the most used evaluation metrics in research, and the
term ’classifier accuracy’ is commonly used to describe any general measure of classifier
performance. Accuracy measures the number of correct decisions divided by the total
number of decisions made by the classification model, being equal to 1 — error rate
(Provost and Fawcett, 2013).

Number of correct decisions made

(3)

Accuracy is widely used in data mining studies as an evaluation metric because it

accuracy = —
Total number of decisions made

condenses classifier performance into a single number and is simple to measure. However,
this measure is overly simplistic for applications of data mining to real business problems
and entails some measurement challenges. To address these issues, it is necessary to
disaggregate and account for the different types of correct and incorrect decisions made
by a classifier, which can be achieved through the use of a confusion matrix (Provost and
Fawcett, 2013).

3.5.2 Confusion Matrix

In classification model predictions, the confusion matrix can be constructed to illustrate
the number of test cases correctly and incorrectly classified. This matrix adopts a format
based on the number of outcome classes, n, resulting in an n x n table, where the actual
classes are represented in the columns, while the model’s predictions are represented in
the rows, as depicted in the figure below (Ghosh, 2023).
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Figure 6: Confusion matrix

From this diagram, since n = 2 (Active and Non-active), the confusion matrix has
dimensions two by two, where the true classes are represented across the top row of the
diagram, while the predicted classes are listed down the side. Each class can be classified
as either "Active’ or 'Non-active’. To summarise, the cell in the top-left corner is called
True Positive (TP), representing the number of observations that have been correctly
classified - meaning all the observations in the sample are predicted to be positive and are
indeed positive. On the other hand, the False Positives (FP) are in the top-right corner,
representing the number of observations that were incorrectly classified as belonging to
the positive class by the model when, in reality, they belonged to the negative class. In the
bottom-left corner are the False Negatives (FN), defined as the number of observations
that were incorrectly classified as belonging to the negative class by the model. Finally,
in the bottom-right corner are the True Negatives (TN), representing the number of
observations that were correctly predicted as belonging to the negative class by the model

when, in reality, they belonged to the positive class (Provost and Fawcett, 2013).

Precision: Precision measures the proportion of positive predictions that were correctly
made by the model in relation to the total number of positive predictions.
TP
Precision = —— 4
TP + FP (4)
This metric is crucial for avoiding false positives and ensuring confidence in the accu-

racy of positive predictions.

Recall or sensitivity: Recall measures the proportion of positive observations that

were correctly predicted by the model in relation to the total number of observations that
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are actually positive.

TP
Recall = m (5)

This metric is important for identifying the majority of positive observations, even if this

results in some false positives.

F1-Score: Finally, the F1-Score is useful when seeking a balance between precision and
recall, providing a single metric that considers both false positives and false negatives.

F1.Score — 2 x (Precision x Recall)

(6)

Precision + Recall

3.5.3 Area Under the ROC Curve (AUC-ROCQC)

Finally, the last evaluation metric to be analyzed in this study is the Area Under the
ROC Curve (AUC-ROC). The ROC curve is a plot of the true positive rate (recall)
against the false positive rate, illustrating the trade-off between the number of accurate
positive classifications and the increasing number of false positives allowed. This metric
is calculated by plotting the ROC curve and then measuring the area under the curve.
The AUC-ROC can take values between 0 and 1, where the higher this value, the better
the model’s performance, i.e., the model has a high ability to distinguish positive and
negative classes (Suresh, 2020; James et al., 2013; Ghosh, 2023).

In conclusion, the ROC curve represents a complete curve, not limited to a single num-
ber, providing refined details about the classifier’s performance. An ideal ROC curve will
closely follow the top-left corner, which means that the larger the AUC, the more effective
the classifier. The higher the AUC-ROC value, the better the model is at predicting and
correctly assigning samples to the appropriate classes (Suresh, 2020; Ghosh, 2023).

3.6 Implementation

One of the main objectives of this study is to understand the variables that influence
turnover and their impact on the likelihood of an individual leaving WTW. To investigate
the feature’s importance and its effects, an initial analysis is conducted using two different
models: logistic regression and random forest. These models were chosen because they
have been used in previous studies to predict employee turnover, making them well-suited
for evaluating the relationship between employee characteristics and the intention to leave
the company.

Using LR, it is possible to observe the feature importance, along with the coefficients
and p-values for each variable. This analysis enables the observation of both the signif-

icance of the variables and the relationship between the independent variables and the
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probability of a particular employee remaining active. Additionally, the p-values allow an
analysis of whether the variables are statistically significant for predicting turnover, while
the coefficients provide valuable information on the direction and impact of a given vari-
able. With random forest, it is also possible to determine the feature importance of the
variables, as well as the Mean Decrease Gini index. The MDG index identifies the vari-
ables that significantly contribute to the reduction of impurity in tree nodes, indicating
their predictive importance.

After identifying the most explanatory and important variables for predicting the
turnover of WTW employees, the least significant variables were eliminated to develop
the final predictive models. In a second analysis, the four different models proposed in this
study were employed: logistic regression, K-Nearest Neighbor, decision tree, and random
forest. Each model undergoes an evaluation process, where the confusion matrix and all
the associated metrics are determined. Finally, an analysis is conducted to understand
which is the best model for predicting employee turnover at Willis Towers Watson’s Lisbon
Hub.
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4 Results

One of the main aims of this study is to examine the factors influencing employee turnover.
This objective arises from the need to furnish accurate information to the Human Re-
sources team at the Willis Towers Watson Lisbon Hub. Thus, the key goal is identifying
the factors driving employees to depart the company and adopting essential strategies to
mitigate this tendency. To scrutinize these variables, two different models were employed
- random forest and logistic regression, which were used to extract valuable insights re-
garding the response variable, "Active’. These models can handle different data types and
offer unique advantages in modelling and establishing relationships between the variables
under study.

In the tables and figures below is possible to see the results of the analysis. Beyond
showcasing the results of the feature importance in RF, which can effectively handle many
variables and observations, Table 2 presents the values of the 'Mean Decrease Gini’ index,
a metric derived from this model. The random forest analysis reveals that ’Seniority’,
"Distance_to_office’, "Training_hours’, ’Age’, ’Overtime’, "Promotion’, 'job_level 53’, "To-

tal_Projects’ and 'Gender’ are the nine most influential variables in predicting turnover.

Seniority
Distance_to_office
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Figure 7: Feature Importance using random forest
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Table 2: Mean Decrease Gini results using random forest

No Feature MeanDecreaseGini
1 Gender 2.366
2 Age 11.093
3 Nationality 1.775
4 Marital status 1.253
5 Children 1.355
6 Seniority 23.189
7 Promotion 4.040
8 Distance_to_office 13.976
9 Overtime 10.663

10 Training_hours 12.617
11 Total Services 1.672
12 Total Projects 2.782
13 | Education_field_Mathematics 1.749
14 | Education_field_Management 2.304
15 job_level 48 0.277
16 job_level 53 2.620
17 job_level _58 1.476
18 job_level 63 1.338

In addition to the insights provided by the random forest model, a logistic regression
was conducted to complement the results. Similar to the random forest model, the feature
importance of the variables under study in logistic regression is illustrated in Figure 8.
This model is useful for understanding the relationship between the independent variables
and the probability of a given instance belonging to a specific class. Table 3 provides an
analysis of the coefficients and p-values, offering a more detailed understanding of the
contribution of each variable in predicting the response variable. Compared to the results
of the feature importance score using RF, the logistic regression results highlight *Senior-
ity’, ’job_level 53’ "job_level 58’, ’Promotion’, ’job_level 63’, 'Nationality’, ’Overtime’ and

"Education_Field_Management’ as the eight most crucial variables for turnover prediction.
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Figure 8: Feature importance using logistic regression

Table 3 shows the coefficients derived from the logistic regression using the logitm fx()
function, offering fundamental details on the direction and magnitude of the effect of each
variable on the probability of turnover. This table provides the estimated results and
corresponding p-values. Thus, the coefficients in the logistic regression results repre-
sent the estimated change in the likelihood of an employee remaining active in WTW
for an increase of one unit in the predictor variable, keeping all others constant. The
results show that the variables ’Seniority’, "Promotion’; ’job_level 53’, ’job_level 58" and
"job_level 63’ have significantly low p-values (below 0.05), indicating that these variables
have statistically significant effect on the probability of an employee to remain active in
WTW. Conversely, variables with high p-values, such as "Total Services’, "Total Projects’,
"Education_field_Mathematics’, and 'Education_field_ Management’, may indicate a lack of
significant contribution to explaining variability in the response variable. Therefore, inter-
preting the p-values together with the coefficients reinforces the statistical validity of the
model, and variables with significant p-values are essential for understanding the impact

of employee characteristics on the intention of turnover.



Table 3: Logistic regression coefficients

No Feature Estimate | p-value
1 (Intercept) 0.738 0.683
2 Gender 0.586 0.138
3 Age -0.047 0.427
4 Nationality 1.316 0.010
5 Marital status 0.437 0.574
6 Children 0.868 0.430
7 Seniority -0.981 | 0.0000001
8 Promotion 1.303 0.005
9 Distance_to_office 0.001 0.726

10 Overtime 0.018 0.122

11 Training_hours 0.0012 0.411

12 Total Services 0.243 0.653

13 Total Projects 0.036 0.932

14 | Education_field_Mathematics | -0.364 0.510

15 | Education_field_Management | -0.535 0.271

16 job_level 48 -10.604 0.994

17 job_level 53 9.166 0.00002

18 job_level 58 2.589 0.003

19 job_level 63 1.845 0.008

Focusing on the two models, a comparison of the different approaches reveals a consis-
tency in some variables such as "Seniority’, 'Promotion’, and ’job_level 53’, both of which
are important, but it is crucial to emphasize that each model offers a unique perspective.
While random forest highlights the relative importance of the variables, logistic regression
provides insights into the direction and magnitude of the effect of independent variables
on the response variable. Using logistic regression, it becomes possible not only to identify
which variables are important but also to understand the direction of the impact of each
variable on the probability of the event of interest occurring - whether it is an employee
staying or leaving the organization.

From the obtained results, it can be concluded that ’Seniority’ is the variable with the
most explanatory power in the model, and it is also a highly important variable in the
study being carried out. In this sense, it is important to focus on it and understand the
likelihood of WTW employees remaining active throughout their time at the company.
An initial analysis shows that the variable’s coefficient is negative in the logistic regression
model. However, this does not generalize the total effect of the variable over the years,

it only shows the effect in the first years of seniority. Thus, as the relationship between
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the variables Seniority’ and ’Active’ is not strictly linear, the effect of seniority on the
probability of being active can vary non-uniformly over time. It is, therefore, necessary to
add the variable Seniority? to the logistic regression model, which will allow the model
to capture non-linear patterns in the association between 'Seniority’ and the probability
of being active.

Through this, it is possible to verify the quadratic effect, where, initially, an increase
in seniority reduces the probability of being active, but this effect decreases as the years
of permanence in the company continue to increase. After adjusting the model, it was
possible to calculate the predicted probabilities by using the coefficients from the model,
which allowed controlling the process and understanding how each coefficient influenced
the prediction. It is important to emphasize that when the predicted probabilities were
calculated, their value was limited to the interval [0, 1]. Carrying out this analysis made
it possible to analyze the results in a richer and more detailed way since the "Seniority’
variable is complex, and obtaining it through automated models can lead to errors and
misinterpretation of its effect. With Plot 9, it is possible to understand the effect of this

variable on the likelihood of a WTW employee remaining active.
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Figure 9: Probability of Being Active over Seniority time

In the plot, the x-axis represents the years of seniority, while the y-axis represents
the probability of a particular WTW employee remaining active in the company. Ana-
lyzing the curve, it is possible to conclude that at the beginning of their career in the

company, there is a tendency for WT'W employees to leave the organization and that it

29



is between the 7th and 8th year of seniority that the probability of being active is lower.
This means that between these years, the Human Resources department must adopt re-
tention strategies to keep the employees in the organization. It is also possible to notice
that an employee with 18 years of seniority onwards is less likely to leave the organization
as they become committed to the organization and work environment. Analyzing the
other variables, it can be seen that ‘Age’, ‘Distance_to_office’, ‘Total Projects’, ‘Educa-
tion_field_Mathematics’, ‘Education_field_Management’ and ‘job_level 48" have a negative
relationship with the probability of remaining active.

Furthermore, to develop a good predictive model, it is necessary to understand which
variables to include and exclude to obtain accurate results with minimal redundancy,
avoiding unnecessary complexity and the risk of over-fitting. Having said this, by care-
fully examining the results of the feature importance in the models and the p-values
obtained, the following variables were incorporated into the prediction models: ‘Senior-
ity’, ‘Promotion’, ‘Nationality’, ‘job_level_53’, ‘job_level 58" and ‘job_level 63’.

To do this, four different models were tested and trained: LR, KNN, DT, and RF.
When analyzing the different models for predicting employee turnover, some differences
were observed in the performance of each one. To this end, various metrics were analyzed
to provide a unique perspective on the performance of the models. The results obtained

are summarised in the table below.

Table 4: Comparison of the Metrics

Models Accuracy | Precision | Recall | F1Score | AUC-ROC
Logistic Regression 0.746 0.742 0.767 0.754 0.745
K-Nearest Neighbor 0.763 0.742 0.793 0.767 0.763
Decision Tree 0.644 0.655 0.633 0.644 0.644
Random Forest 0.780 0.774 0.800 0.787 0.779

Analyzing the accuracy, it is evident that random forest outperforms other models,
achieving an approximate accuracy of 78%, followed by KNN with 76.3% and logistic
regression with 74.6%. This suggested that RF has a superior ability to make accurate
predictions. In terms of precision, which represents the model’s ability to correctly iden-
tify positive cases, RF also excels, yielding 77.4%, followed by KNN and LR with 74.2%.
This good performance indicates their comparable ability to minimize false positives. Re-
call/sensitivity measures the ability to capture all positive instances, again favoring RF
with 80%, closely followed by KNN with 79.3%. The Fl-score, which balances preci-
sion and recall, highlights random forest’s superior performance at 78.7%, showcasing a
well-rounded approach to handling both false positives and false negatives. Finally, ana-
lyzing the AUC-ROC metric, which measures the model’s ability to distinguish between

classes, random forest once again takes the lead with a value of 77.9%, indicating strong
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discriminatory power.

In conclusion, considering all the metrics, the random forest model emerges as the pre-
ferred choice, displaying robustness in accuracy, precision, recall, and a balanced approach
to false positives and false negatives. Consequently, LR and KNN also exhibit competitive
performance across several metrics. Therefore, RF is the model that offers comprehensive
performance in predicting turnover, meaning that it can more accurately predict which
employees are most likely to leave the company. Conversely, the DT model displays the
poorest overall performance with low accuracy, recall, Fl-score, and AUC-ROC, which
can be potentially attributed to its lower ability to capture the complexity of the data.
Thus, the poor performance of the decision tree model may be due to over-fitting caused

by its complexity.
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5 Discussion

The results obtained in this study provide valuable insights into the factors that influ-
ence employee turnover at Willis Towers Watson’s Lisbon Hub. Logistic regression and
random forest were studied to understand the significance of these variables. Alongside
presenting feature importance figures for these models, the ‘Mean Decrease Gini’ index
metric was applied for the random forest, while p-values were obtained from the logistic
regression. The first metric facilitated an evaluation of the relative importance of each
variable in the model’s decision-making process, providing valuable insights into which
factors significantly contribute to reducing impurity in the tree’s nodes. On the other
hand, the second metric offered a detailed perspective on the relationship between inde-
pendent variables and the probability of an instance belonging to a specific class, aiding
in understanding each variable’s influence on predicting the response variable.

Analyzing the variables in detail, it was evident that variables such as seniority, pro-
motion, nationality, and job level are statistically significant. A closer examination of the
seniority variable, which represents the employee’s tenure at the company, the logistic
regression results showed that the coefficient of this variable is negative. This implies
that keeping all the other variables constant, with an increase of one year of seniority,
the probability of a particular member remaining active at Willis Towers Watson de-
creases. However, as previously analyzed, the relationship between this variable and the
‘Active’ variable is not strictly linear. Therefore, a more detailed analysis was necessary
to understand the influence of this variable on the likelihood of remaining active over
the years. The result of this study showed that between the 7" and 8" year of work
at WTW, the probability of remaining active begins to grow, and until the 7*" year of
work, the probability of leaving the company is higher. This finding aligns with studies
by Nagadevara et al. (2008), where they discovered that older individuals with more time
working for a particular company had a greater tendency to remain there. Other authors
have also reached similar conclusions, stating that the tenure variable negatively affects
an employee’s intention to leave the company (Carmeli, 2003; Lo, 2013; Nagadevara et al.,
2008; Lee and Rwigema, 2005).

Other variables that demonstrated to be statistically significant were promotion and
job_level variables, which correspond to whether an employee has been promoted or not
and the organizational grade they occupy, respectively. It is important to note that a lower
numerical value of Job Level corresponds to a higher organizational grade for employees.
The logistic regression results showed that the coefficient of the promotion variable is
positive, implying that employees who have been promoted are more likely to remain ac-
tive. Analyzing the job level results, it was possible to conclude that individuals holding
job levels 53, 58, and 63 exert a significant positive impact on the probability of remain-

ing active. This suggests that individuals at these job levels have a substantially higher

32



likelihood of remaining active compared to individuals at other levels. The outcomes of
this study align with the findings of Bender and Heywood (2006), Chow et al. (2007),
and Lo (2013), indicating that being promoted and occupying higher job levels contribute
to employees feeling more valued and having a reduced tendency to leave the company.
Consequently, employees who have been promoted are more likely to feel valued by the
company and have more opportunities for internal professional growth. Similarly, indi-
viduals with higher job levels typically have higher salaries and better benefits and may
face more challenges and responsibilities, making them more satisfied with their work.

Another noteworthy variable is Nationality. The results of the logistic regression indi-
cated that being Portuguese has a positive impact on an employee’s likelihood to remain
at WT'W’s Lisbon Hub. Consequently, foreign employees are more prone to leaving the
organization. This could be attributed to various factors, including language. Despite
the organization’s use of English as the primary language, the prevalence of Portuguese
speakers may create communication challenges for foreign employees, hindering their in-
tegration. In addition, local employees may have greater residential stability, positively
influencing their commitment to staying with the company.

While other variables under study did not exhibit statistical significance, and the
logistic regression model did not find sufficient evidence to establish a relationship between
these variables and the likelihood of staying in the organization, they may still be relevant
to WIT'W. The study concluded that male employees have a greater tendency to leave the
organization compared to female employees. This aligns with the findings of studies by
Bender and Heywood (2006), Lo (2013), and Wocke and Heymann (2012), suggesting
that women, typically bearing greater family responsibilities, are less inclined to take
professional risks.

Additionally, to analyze the ‘Age’ variable, it was necessary to make the same inter-
pretation as was done for the ‘Seniority’ variable. Analyzing this variable, it was possible
to conclude that employees aged 35 or less have a greater tendency to leave the organiza-
tion. From the age of 35, WTW employees tend to remain active. The results obtained
align with the studies proposed by Finegold et al. (2002), Nagadevara et al. (2008), and
Wocke and Heymann (2012), which conclude that turnover is lower for older employees.
Analyzing the results, it was evident that married employees and those with children are
more likely to remain active. This was also found in the studies of Bender and Hey-
wood (2006), who concluded that married individuals with children tend to prioritize
professional stability.

It was also found that a higher number of services is associated with a higher probabil-
ity of an employee staying active. This suggests that the more integrated they are in the
organization, and the more challenges they have, the more the tendency for the employee
to feel valued and useful in the company increases. This correlation is also supported by

Atouba (2018), who concluded that individuals tend to stay longer in companies when
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they perceive their opinions and work are valued.

Additionally, it was observed that overtime worked, and training hours positively affect
the likelihood of staying with the organization. Therefore, individuals who work longer
and have more training hours are more likely to remain active. The first observation
contradicts the study proposed by Koo et al. (2020), while the second aligns with the
findings of studies proposed by Chow et al. (2007) and Lo (2013). The discrepancy in the
first case may suggest that the WTW’s employees do not experience excessive workloads,
diminishing the significance of overtime worked in influencing the intention to leave or
stay with the organization.

Finally, the distance to the office variable measures the distance from an employee’s
home to the company office. This variable is also not significant, but by analyzing the
results of the logistic regression model, it can be concluded that a higher distance to the
office is associated with a lower probability of being active. However, it’s essential to note
that this variable may not be particularly relevant to the study, as employees work on a
hybrid basis, so distance doesn’t have much influence on their decision to stay or leave
the organization.

As mentioned earlier, one of the main objectives of this study was to understand the
variables that affect turnover with the aim of providing insights to the human resources
department to mitigate this trend. Consequently, reducing turnover is fundamental to
ensure the productivity of the teamwork and reduce the costs associated with recruitment
Andrews and Mohammed (2020). By analyzing the proposals for intervention measures to
reduce turnover put forward by Carmeli and Weisberg (2006), Chow et al. (2007), Winne
et al. (2019), and looking at the results obtained, it can be concluded that the human

resources department should adopt the following measures:

e As the seniority variable is one of the most important features and considering that
the likelihood of leaving the organization is higher between the 7*" and 8" years
of employment, the Human Resources team should give special attention to these
individuals. In this way, implementing benefits for employees with six years in the
company could be considered to enhance their satisfaction within the organization.
Additionally, a professional development program could be introduced for employees
with tenures between 6 and 13 years. This program aims to help employees acquire
new skills to keep up to date with the latest market trends, fostering motivation
and a sense of belonging within the company, and not desire to change to another

company.

e Considering that promoted employees are more likely to stay with the company,
the HR department may enhance internal promotion practices, fostering a sense of

fairness and offering professional growth opportunities to all employees.
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e As job level proved to be another explanatory variable, the HR department should
review the company’s salary structure to ensure equitable compensation for employ-
ees at different levels. This approach not only promotes fairness but also diminishes

the intention of junior or senior employees to leave the company.

e Nationality has also emerged as a significant variable in predicting turnover, where
foreign employees are more likely to leave the organization. In response, the HR de-
partment can implement new integration programs specifically designed for foreign
employees. These programs can help them adapt to the company culture, fostering

a sense of integration.

Finally, by analyzing the proposed predicted models, it becomes evident that the
obtained results align with existing studies on predicting employee turnover. The study
proposed by Yigit and Shourabizadeh (2017) compared the classification methods and
revealed that in terms of accuracy, random forest led with a score of 0.88, followed by
K-Nearest Neighbors with 0.87, and logistic regression with 0.86. Regarding precision,
RF again excelled with a precision of 0.45, followed by KNN with 0.38 and LR with 0.35.
For recall, LR demonstrated a score of 0.31, while KNN and random forest showed 0.23
and 0.22, respectively. Overall, RF exhibited strong performance, while DT had poor
performance in most metrics, as was concluded in this study.

Concerning the Area Under the Receiver Operating Characteristic Curve (AUC-ROC),
the study by Lazzari et al. (2022) concluded that logistic regression was among the best
models. In this study, it was possible to conclude that RF achieved a value of approxi-
mately 0.78, followed by KNN with 0.76 and LR with 0.75. Another study by Punnoose
and Ajit (2016) reported an AUC-ROC of 0.79 for RF, while KNN and LR scored 0.52
and 0.66, respectively, reiterating that RF performs the best. Finally, in study 37, it was
found that for small datasets, random forest and logistic regression exhibited the best
performance in terms of AUC-ROC (0.96 and 0.93, respectively).

In conclusion, this study reinforced the effectiveness of machine learning models as
powerful tools for predicting employee turnover. However, there are still several limi-
tations, including the absence of standardized and representative data, emphasizing the
need to consider these constraints in the decision-making process (Lazzari et al., 2022;
Kae et al., 2021; Sikaroudi et al., 2015; Punnoose and Ajit, 2016).
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6 Conclusion

The aim of this study was twofold: to investigate the factors influencing employee turnover
at Willis Towers Watson’s Lisbon Hub and to determine the most effective predictive
model for forecasting employee turnover.

As a first step, all the variables under study were analyzed using two different machine
learning models - random forest and logistic regression. These models provided valuable
insights into the key factors driving employee departures and the potential effectiveness of
machine learning in predicting turnover. The analysis revealed that seniority, promotion,
nationality, and job level were the most significant variables influencing WTW’s employee
turnover. Additionally, the study identified some measures that could be implemented by
WTW’s HR department to counteract the tendency for certain groups of individuals to
leave the company.

The analysis revealed that employees with longer tenure, those who had been pro-
moted, Portuguese nationals, and individuals holding higher job levels were more likely
to remain active in the organization. Conversely, age, distance to the office, and training
hours did not exhibit significant statistical relationships with turnover.

In a second step, after identifying the key factors, the four predictive models pro-
posed in the study - LR, KNN, DT, and RF - were analyzed using only the variables
that proved to be explanatory in the previous analysis. This selection enabled the de-
velopment of more coherent and explanatory models for predicting employee turnover at
WTW. This analysis also demonstrated the effectiveness of machine learning models in
predicting employee turnover. Among the models tested, random forest exhibited the
best performance, reaching remarkable scores of up to 77% across the various metrics -
accuracy, precision, recall, F1-score, and AUC-ROC.

In conclusion, the study not only identified the variables that most influence employee
turnover at WT'W’s Lisbon Hub but also demonstrated the value of machine learning
models in predicting turnover. However, the study has some limitations, including the
relatively small sample. Additionally, as the company is in a growth phase characterized
by the hiring of recent graduates and master’s degree holders, it resulted in a sample
heavily skewed toward this age group. Furthermore, another limitation arises from the
impossibility of obtaining survey responses from employees who have already left the
company, which precluded the consideration of job satisfaction in the study. Lastly, the
limited number of explanatory variables served as another limitation.

Future research directions include expanding the data sample, incorporating additional
variables, exploring employee job satisfaction through questionnaire responses, and eval-
uating more predictive models. By addressing these limitations, a more comprehensive

understanding of employee turnover at WT'W’s Lisbon Hub can be achieved.
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