Data and Metadata. 2025; 4:669
doi: 10.56294/dm2025669 AG
EOITOR

ORIGINAL

Machine Learning Models for Predicting Employee Attrition: A Data Science
Perspective

Modelos de aprendizaje automatico para predecir el desgaste de los empleados:
una perspectiva de la ciencia de datos

Anber Abraheem Shlash Mohammad' v4, Zeyad Alkhazali? =2, Suleiman Ibrahim Shelash Mohammad®* “ £,
Badrea Al Oraini® <, Asokan Vasudevan®® 52, Menahi Mosallam Algahtani’ =, Muhammad Turki Alshurideh? ==

'Digital Marketing Department, Faculty of Administrative and Financial Sciences, Petra University, Jordan.

2Business School, Department of Business Administration, Al-Ahliyya Amman University, Jordan.

3Electronic Marketing and Social Media, Economic and Administrative Sciences Zarga University, Jordan.

“Research follower, INTI International University, 71800 Negeri Sembilan, Malaysia.

Department of Business Administration. Collage of Business and Economics, Qassim University,Qassim - Saudi Arabia.
®Faculty of Business and Communications, INTI International University, 71800 Negeri Sembilan, Malaysia.
’Management Department, Management Science, Community College of Qatar, Qatar

8Department of Marketing, School of Business, The University of Jordan, Amman 11942, Jordan.

Cite as: Shlash Mohammad AA, Alkhazali Z, Shelash Mohammad SI, Al Oraini B, Vasudevan A, Algahtani MM, et al. Machine Learning Models
for Predicting Employee Attrition: A Data Science Perspective. Data and Metadata. 2025; 4:669. https://doi.org/10.56294/dm2025669

Submitted: 01-07-2024 Revised: 03-11-2024 Accepted: 20-02-2025 Published: 21-02-2025
Editor: Dr. Adrian Alejandro Vitén Castillo
Corresponding author: Anber Abraheem Shlash Mohammad <

ABSTRACT

Introduction: employee attrition poses significant challenges for organizations, impacting productivity and
profitability. This study explores attrition patterns using machine learning models, integrating predictive analytics
with established human resource theories to identify key drivers of workforce turnover.

Method: the research analysed a dataset comprising demographic, job-related, and engagement factors.
Logistic Regression was employed as the baseline model to interpret linear relationships, while Random Forest
and Decision Trees captured non-linear interactions. Performance metrics such as accuracy, precision, recall,
F1-score, and AUC-ROC were used to evaluate model effectiveness, alongside feature importance analysis for
actionable insights.

Results: results revealed that job satisfaction, tenure, departmental dynamics, and engagement levels are
critical predictors of attrition. Random Forest emerged as the most effective model, achieving an accuracy of
92 % and an AUC-ROC of 94 %, highlighting its capability to capture complex patterns. Decision Trees provided
interpretable decision rules, offering practical thresholds for HR interventions. Logistic Regression complemented
these models by offering insights into direct, linear relationships between predictors and attrition.

Conclusions: the study finds that machine learning improves attrition analysis by identifying complex patterns
and enabling proactive retention strategies. Predictive analytics strengthens traditional theories, providing a
structured approach to reducing employee turnover. Organizations can use these insights to enhance workforce
stability and performance. Future research could incorporate qualitative methods and longitudinal studies to
refine strategies and assess long-term impacts.

Keywords: Machine Learning; Performance; Data Science
RESUMEN

Introduccion: la rotacion de empleados plantea desafios significativos para las organizaciones, afectando la
productividad y la rentabilidad. Este estudio explora los patrones de rotacion utilizando modelos de aprendizaje
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automatico, integrando analisis predictivo con teorias establecidas de recursos humanos para identificar los
principales impulsores del desgaste laboral.

Método: la investigacion analiz6 un conjunto de datos que comprende factores demograficos, relacionados con
el trabajo y el compromiso. Se empleo la Regresion Logistica como modelo base para interpretar relaciones
lineales, mientras que los modelos de Bosque Aleatorio y Arboles de Decision capturaron interacciones no
lineales. Se utilizaron métricas de rendimiento como precision, exactitud, recuperacion, puntaje F1 y AUC-
ROC para evaluar la efectividad de los modelos, junto con un analisis de importancia de caracteristicas para
obtener informacion procesable.

Resultados: los resultados revelaron que la satisfaccion laboral, la antigliedad, la dinamica departamental
y los niveles de compromiso son predictores criticos de la rotacion. El Bosque Aleatorio demostro ser el
modelo mas eficaz, alcanzando una precision del 92 % y un AUC-ROC del 94 %, destacando su capacidad
para capturar patrones complejos. Los Arboles de Decision proporcionaron reglas interpretables, ofreciendo
umbrales practicos para intervenciones de recursos humanos. La Regresion Logistica complementd estos
modelos al ofrecer informacion sobre relaciones directas y lineales entre los predictores y la rotacion.
Conclusiones: el estudio concluye que el aprendizaje automatico mejora el analisis de la rotacion al identificar
patrones complejos y permitir estrategias de retencion proactivas. La analitica predictiva fortalece las
teorias tradicionales, proporcionando un enfoque estructurado para reducir la rotacion de empleados. Las
organizaciones pueden utilizar estos conocimientos para mejorar la estabilidad de la fuerza laboral y el
rendimiento. Investigaciones futuras podrian incorporar métodos cualitativos y estudios longitudinales para
perfeccionar estrategias y evaluar impactos a largo plazo.

Palabras clave: Aprendizaje automatico; Actuacion; Ciencia de datos

INTRODUCTION

Employee attrition remains a pressing concern for organizations across industries, presenting challenges
that directly impact productivity, profitability, and long-term sustainability. The costs of turnover, including
recruitment, training, and the loss of institutional knowledge, make understanding its drivers a critical area of
research.™? This study delves into the dynamics of workforce turnover, utilizing machine learning techniques
to predict attrition and provide actionable insights. By integrating predictive analytics with well-established
human resource management theories, it addresses a pressing gap in the existing body of knowledge.

The changing nature of modern workplaces, marked by technological advancements, a multigenerational
workforce, and evolving employee expectations, has further highlighted the significance of managing attrition
effectively.®4 Employee engagement, job satisfaction, and organizational culture are increasingly recognized
as critical determinants of workforce stability, reinforcing the need for data-driven approaches to address
attrition.®% Machine learning, as a cutting-edge analytical tool, offers opportunities to go beyond traditional
statistical methods, identifying complex, nonlinear relationships that underpin employee turnover.?®

Attrition is influenced by a variety of factors, ranging from individual demographics to organizational
dynamics. Herzberg’s Two-Factor Theory posits that both intrinsic motivators (e.g., job satisfaction and
opportunities for growth) and extrinsic factors (e.g., pay and work environment) play critical roles in employee
decisions to stay or leave.® Similarly, Blau’s Social Exchange Theory highlights the reciprocal relationship
between employees and employers, suggesting that perceived inequities in this exchange can lead to attrition.
(10,1 These theoretical frameworks provide a valuable lens through which the predictors of attrition can be
interpreted.

Despite significant advancements, traditional approaches to studying employee attrition have limitations.
The reliance on linear models often obscures the complex interplay of factors influencing turnover.(21)
Additionally, imbalanced datasets, where the minority class (attrition cases) is overshadowed by the majority
class (retained employees), present significant challenges for predictive modelling.*' These gaps underscore
the importance of adopting machine learning techniques capable of handling such complexities, enhancing
both the accuracy and interpretability of predictions. "

The research problem lies in the inadequacy of existing methods to comprehensively capture the drivers of
attrition. While demographic surveys and satisfaction assessments provide valuable data, they fail to account
for nonlinear interactions and compounded effects of variables.(®'20 This study addresses these gaps by
employing machine learning models, including Logistic Regression, Random Forest, and Decision Trees, to
predict attrition and uncover actionable insights. These models are evaluated for their performance using
metrics such as accuracy, precision, recall, and AUC-ROC, ensuring a robust analysis.

The significance of this research extends beyond prediction. By integrating machine learning with human
resource theories, it offers a practical framework for understanding and addressing attrition. For organizations,
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the ability to proactively identify at-risk employees and implement tailored retention strategies is invaluable.
Studies have shown that organizations with lower attrition rates enjoy improved morale, better customer
satisfaction, and enhanced financial performance.®?"?? Moreover, addressing attrition through evidence-based
practices contributes to fostering a supportive and engaging workplace culture, further reducing turnover.@
The novelty of the study lies in its dual approach, combining theoretical insights with machine learning’s
predictive power. While previous research has explored individual predictors of attrition, such as job satisfaction
or tenure, this study examines the combined effects of multiple factors through ensemble learning models.
Random Forest and Decision Trees, for example, excel at capturing non-linear patterns and interactions,
providing a deeper understanding of the factors influencing employee exits.® This comprehensive approach
allows organizations to move beyond reactive measures, enabling proactive interventions tailored to their
workforce’s unique dynamics.
The study seeks to answer the following research questions:
1 What are the key drivers of employee attrition, and how do these factors interact?
2 How can machine learning models improve the prediction of attrition compared to traditional methods?
3 What actionable strategies can organizations derive from the predictive insights to mitigate attrition?

These questions align with the research objectives, which aim to identify significant predictors of attrition,
develop robust predictive models, and provide practical recommendations for retention strategies. The research
statement reflects the study's goals: "This study aims to analyse employee attrition using machine learning
models, integrating predictive analytics with human resource theories to identify key drivers of turnover and
develop actionable retention strategies."

The background and context of this research are situated within the broader field of workforce analytics.
The growing emphasis on data-driven decision-making in human resource management has spurred interest
in predictive modelling to address attrition. Studies by Aswale and Mukul® and Dutta et al.? highlight the
importance of tailored retention strategies informed by empirical data. However, the challenge of balancing
interpretability and accuracy in predictive models remains a significant hurdle.?”

Machine learning models provide a promising solution. Logistic Regression offers insights into linear
relationships, while Random Forest and Decision Trees capture complex, nonlinear interactions. Research by
Karimi and Viliyani®® underscores the potential of these models to uncover hidden patterns in HR datasets,
enabling organizations to address attrition with precision. By operationalizing traditional theories like Herzberg’s
and Blau’s, machine learning bridges the gap between conceptual understanding and practical application.

The findings of this study have significant implications for workforce planning and policy design. For
instance, understanding the role of job satisfaction in retention aligns with research by®®, which links higher
satisfaction levels to reduced turnover intentions. Similarly, Susanto and Rony®" emphasizes the impact of
employee engagement on organizational outcomes, advocating for initiatives that foster a sense of belonging
and purpose.

This research underscores the importance of integrating machine learning with theoretical frameworks to
address the multifaceted nature of employee attrition. By identifying key predictors and providing actionable
insights, the study not only advances academic knowledge but also equips organizations with practical tools
to foster workforce stability. The findings pave the way for future research, including longitudinal studies and
the integration of qualitative methods, to further refine retention strategies and enhance their effectiveness.

Following are the objectives of the Study

1 To develop predictive machine learning models that accurately forecast employee attrition using
historical HR data and evaluate their performance using metrics such as accuracy, precision, and AUC-ROC.

2 To identify key drivers of employee attrition by analysing significant demographic, job-related,
performance, and engagement factors influencing employee turnover.

3 To provide actionable insights for retention strategies by utilizing analytical findings and predictive
models to guide HR initiatives aimed at reducing attrition and improving employee retention.

Literature review

Employee attrition poses a multifaceted challenge for organizations, disrupting operational continuity and
increasing costs associated with recruitment, training, and lost expertise.®? Herzberg’s Two-Factor Theory
and Blau’s Social Exchange Theory provide foundational insights into the drivers of attrition.®» Concurrently,
advancements in machine learning have opened new avenues for identifying complex predictors and interactions
that traditional statistical methods may overlook.

Demographic factors, such as age, gender, marital status, and educational attainment, are critical predictors
of attrition. Lyons et al.®¥ report that younger employees often exhibit higher attrition rates, driven by career
exploration and mobility. This aligns with ©5 observation that career transitions are more frequent in early
professional years. Gender dynamics reveal mixed results, while women may face higher attrition in industries
with rigid structures, work-life balance policies mitigate these risks, as noted by ©® Educational attainment
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influences attrition indirectly by shaping job expectations and career trajectories. Highly educated employees
are less likely to attrite if roles align with their skills, but misalighment can lead to dissatisfaction and turnover.©”

Job-Related Variables Job-related variables, including role, department, tenure, salary, and overtime status,
are consistently linked to attrition. Specific roles, particularly in high-stress departments like IT and sales,
show elevated turnover rates due to workload intensity and limited growth opportunities.®® Tenure exhibits
a dual influence, shorter tenure often correlates with unmet expectations, while longer tenure can result in
stagnation and disengagement.®? Salary remains a pivotal factor, Blau’s Social Exchange Theory emphasizes
that perceived inequities in compensation contribute significantly to attrition risks.

Studies by“4) stress the importance of aligning job roles and compensation with employees’ skills and
aspirations. Moreover, overtime, often viewed as a marker of dedication, can have adverse effects if it leads
to burnout and dissatisfaction. Organizations with clear, equitable policies on workload distribution are better
positioned to retain talent.“? Performance metrics, including annual evaluations and promotion frequency,
offer valuable insights into attrition. Low performance ratings are associated with voluntary exits due to
dissatisfaction or involuntary exits driven by organizational decisions.“) Promotions act as a retention tool by
signalling value and growth opportunities within the organization. Studies suggest that organizations that invest
in clear promotion pathways and performance-based incentives experience lower turnover. %

Correlation studies reveal that high performance often coincides with higher engagement and longer tenure,
creating a virtuous cycle of satisfaction and retention.“) However, employees who consistently outperform
without recognition or growth opportunities are at risk of turnover, highlighting the need for tailored
interventions.

Engagement and job satisfaction are central to retention strategies. Herzberg’s model identifies intrinsic
motivators, such as recognition and meaningful work, as critical to fostering loyalty.“® Carter et al.“” highlights
the link between engagement and organizational citizenship behaviours, underscoring the importance of
creating supportive environments. Researchemphasizes that organizations with robust engagement practices,
including feedback loops and professional development opportunities, report significantly lower attrition rates.
Job satisfaction also serves as a buffer against external stressors.“® Employees who perceive their roles as
fulfilling are more likely to endure temporary setbacks without considering turnover.“ This reinforces the
importance of satisfaction surveys and responsive HR policies.

Traditional models often fail to capture the multifactorial nature of attrition. Machine learning addresses
this limitation by identifying non-linear relationships and interactions. Random Forest and Decision Trees, for
example, excel in detecting complex patterns among demographic, job-related, and engagement variables.
(9 El-Rayes et al.®” demonstrate the utility of ensemble methods in predicting attrition with high accuracy,
revealing critical combinations of risk factors. Logistic regression, while limited to linear relationships, provides
interpretable coefficients, allowing HR practitioners to quantify the impact of specific variables.? Random
Forest and Decision Trees complement these insights by uncovering thresholds and interactions, such as the
compounded risk of low satisfaction and high workload.

Gaps in the Literature

Despite extensive research, several gaps remain. Most studies rely on static datasets, failing to capture
how predictors evolve over time. Longitudinal studies are needed to track these changes and refine predictive
models. While machine learning identifies interactions, few studies explore the underlying mechanisms driving
these effects. Attrition patterns vary widely across sectors, yet many studies generalize findings, limiting their
applicability. Employee interviews and qualitative feedback are often excluded, leaving subjective factors like
cultural alignment underexplored. Translating predictive insights into actionable, real-time HR interventions
remains a challenge.

The literature on employee attrition reveals a complex interplay of demographic, job-related, performance,
and engagement variables. Traditional theories provide foundational insights, while machine learning introduces
a powerful tool for predictive analysis. Addressing gaps in dynamic modelling, interaction effects, and
qualitative integration will enhance understanding and practical applications. For organizations, the findings
underscore the importance of tailored retention strategies that account for employee demographics, roles,
and engagement levels. Machine learning models, such as Random Forest, offer actionable insights, enabling
proactive interventions and fostering workforce stability.®)

By bridging theoretical and empirical approaches, this review contributes to the broader discourse on
employee attrition, paving the way for innovative, data-driven HR practices. Future studies that explore
dynamic, mixed-method methodologies will further enrich this evolving field, providing robust frameworks for
organizational sustainability and employee satisfaction.

Framework of the Study
The framework of the study integrates theoretical concepts, research objectives, hypotheses, and the
operationalization of variables into a cohesive structure. It is designed to explore and predict employee
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attrition through the analysis of key factors influencing turnover and the application of machine learning
models. The study is grounded in organizational behaviour and human resource management theories, which
emphasize the influence of demographic, job-related, performance, and engagement factors on employee
turnover. Social Exchange Theory and Herzberg’s Two-Factor Theory provide insights into how job satisfaction
and organizational commitment impact retention.

Data were collected and prepared for analysis, ensuring accuracy and confidentiality.Statistical analysis and
machine learning methods were used to identify significant predictors and develop predictive models. Insights
were derived to guide HR strategies. The conceptual model (figure 1) represents the hypothesized relationships
between the dependent and independent variables, guiding the analysis and interpretation of results.

Demographic Factors
(Age, Gender, etc.)

Job-related Factors
(Role, Tenure, etc.)

Employee Attrition

Performance Metrics
(Ratings, Promotions)

Engagement Metrics
(Satisfaction, Feedback)

Figure 1. Conceptual Model of the Study

The hypotheses of the study were defined to align with its objectives and explore relationships between
various factors and employee attrition. These hypotheses were:

H1: There is a significant relationship between employee demographics (e.g., age, gender, marital status)
and attrition likelihood.

Rationale: Demographic factors often influence career stability and job satisfaction, potentially affecting
turnover rates.

H2: Job-related factors, such as tenure, department, and job role, significantly impact the likelihood of
employee attrition.

Rationale: Specific job roles or departments may have higher attrition rates due to varying workloads,
growth opportunities, or work environments.

H3: Engagement and satisfaction levels, as measured by survey scores and feedback, are inversely related
to employee attrition.

Rationale: Higher job satisfaction and engagement are expected to reduce the likelihood of employees
leaving the organization.

METHOD

The study adopted a quantitative research design to predict employee attrition using historical HR data and
machine learning techniques. The design was structured to integrate descriptive, diagnostic, and predictive
analytics. Descriptive analysis identified patterns and trends in employee turnover, while diagnostic methods
helped uncover significant predictors of attrition. Predictive analytics enabled the development of machine
learning models that could forecast employee attrition. This structured design ensured a systematic approach
to data preprocessing, feature engineering, model building, and evaluation.

Secondary data were obtained from the HR records of a mid-sized organization, covering the past five
years. The dataset included employee demographics, job details, performance evaluations, engagement survey
results, and attrition statuses. Demographic data encompassed variables such as age, gender, and marital
status, while job details included department, job role, and tenure. Performance metrics, such as annual
evaluations and the number of promotions, provided insight into employee effectiveness, and survey responses
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captured job satisfaction and workplace engagement. This data was anonymized and prepared systematically
for analysis, adhering to strict confidentiality agreements.

The target population for this study included all 5.000 employees in the organization, representing various
departments, job roles, and tenure levels. Using stratified random sampling, a sample of 679 employees was
selected to ensure representation of diverse demographic and employment groups. Stratification was based on
gender, job roles, and tenure to maintain alignment with the population structure. This sample represented
approximately 13,5 % of the total workforce, balancing efficiency and reliability in data analysis.

Table 1. Description of data collected

Category Population (N = 5,000) Sample (n = 679)
Gender: Male 60 % 60 %
Gender: Female 40 % 40 %
Job Roles: Manager 15 % 15 %
Job Roles: Staff 85 % 85 %
Tenure: <1 Year 10 % 10 %
Tenure: 1-5 Years 40 % 40 %
Tenure: >5 Years 50 % 50 %

The sampled population included a proportional representation of key demographic and employment
characteristics. For instance, the gender distribution in the sample mirrored the population, with 60 % male
and 40 % female employees. Similarly, job roles were represented with 15 % managers and 85 % staff, and tenure
groups included 10 % with less than one year, 40 % with one to five years, and 50 % with more than five years
of service. This stratification ensured that the insights derived from the analysis could be generalized to the
entire organization.

The dependent variable in the study was employee attrition, defined as a binary outcome (1 = Attrited, 0 =
Retained). Independent variables included demographic factors (e.g., age, gender, marital status), job-related
factors (e.g., job role, department, tenure), and performance metrics (e.g., performance scores, promotions).
Additionally, engagement metrics, such as job satisfaction scores and survey feedback, were used as predictors.
Derived variables, such as the Attrition Risk Index and Job Satisfaction Index, were computed during the analysis
to enhance interpretability and predictive capability.

The analysis began with data preprocessing, including handling missing values through imputation, encoding
categorical variables using one-hot encoding, and normalizing numerical variables. Exploratory Data Analysis
(EDA) was conducted to identify data distributions and significant trends, and correlation matrices were
performed to explore relationships between variables. Machine learning models were developed using Logistic
Regression, Random Forest, and Decision Trees. Logistic Regression served as the baseline model, providing
interpretable coefficients for predictor variables. Random Forest and Decision Trees were utilized for their
robustness and ability to handle non-linear relationships. Model performance was evaluated using metrics
such as accuracy, precision, recall, F1-score, and AUC-ROC. Cross-validation ensured that the models were
generalizable and not overfitted to the training data.

The study strictly adhered to ethical principles to ensure data integrity and protect employee privacy.
Confidentiality was maintained by anonymizing the data and removing any personally identifiable information
before analysis. The organization provided informed consent for the use of its data, which was secured on
encrypted systems accessible only to authorized personnel. Furthermore, the research complied with relevant
data protection regulations, including GDPR, ensuring that all processes respected the rights of the individuals
represented in the data. These measures safeguarded ethical standards throughout the research process.

RESULTS

An in-depth analysis of the factors influencing employee attrition, evaluated through advanced machine
learning models. By leveraging Logistic Regression, Random Forest, and Decision Tree algorithms, the study
identifies key predictors of turnover and assesses model performance using metrics such as accuracy, precision,
recall, F1-score, and AUC-ROC. This multi-model approach ensures a comprehensive understanding of the linear
and non-linear relationships among variables.

The analysis focused on demographic, job-related, and engagement factors, uncovering their individual and
collective impact on attrition. Feature importance rankings highlight the relative contribution of predictors,
while visualizations such as ROC curves and decision trees offer intuitive insights into model performance
and decision-making processes. The results underscore the potential of data-driven strategies to proactively
address workforce challenges and enhance employee retention.
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Descriptive Statistics

The dataset used in this study contains information about 679 employees, offering insights into demographic,
job-related, performance, and engagement factors, alongside the dependent variable of interest attrition. The
demographic characteristics reveal that the average age of employees is approximately 41 years, with ages
ranging between 22 and 60 years. This range reflects a diverse workforce in terms of experience and career
stage. Gender distribution is slightly skewed, with 60 % of employees being male and 40 % female. This balance
is notable and provides an opportunity to explore whether gender dynamics have any influence on attrition
patterns.

The education levels in the dataset reveal that 50 % of employees hold a bachelor’s degree, followed by 30
% who have completed high school and 20 % with a master’s degree. This variation in education level allows for
an analysis of how educational qualifications interact with job-related factors and influence attrition. In terms
of job roles, a significant majority (85 %) of employees are categorized as staff, while only 15 % hold managerial
positions. This distribution is consistent with the hierarchical structure of most organizations, where managerial
roles are limited compared to operational roles.

The dataset also provides details about tenure, revealing an average tenure of 13 years, with values ranging
from less than one year to 25 years. Such variation suggests the presence of employees at different stages in
their career trajectory, making it possible to study how tenure impacts attrition. Additionally, departments
such as Operations (30 %) and IT (25 %) dominate the workforce, while HR (10 %), Finance (15 %), and Sales (20
%) make up smaller proportions. This departmental distribution is critical in understanding whether attrition
varies across organizational functions.

A key insight from the dataset is the overall attrition rate, which stands at 17 %. This means that 115
employees have left the organization, while 564 have remained. This relatively low attrition rate aligns with
what is observed in stable organizations and provides a basis for further predictive modelling. However,
the imbalance between the attrition and non-attrition classes introduces challenges for machine learning,
particularly in ensuring that predictive models are not biased toward the majority class (non-attrition).

The dataset’s richness across demographic, job-related, and engagement dimensions sets the stage for
a comprehensive analysis of factors influencing attrition. The descriptive insights establish a foundation for
hypothesis testing and model development, paving the way for a deeper understanding of the drivers behind
employee turnover.

Attrition Distribution

The attrition distribution analysis reveals critical insights into the workforce’s stability and provides a
foundational understanding of the dependent variable in this study (figure 2). Attrition, defined as employees
leaving the organization, is a phenomenon influenced by myriad factors ranging from individual employee
characteristics to organizational policies. In this dataset, attrition is represented as a binary variable, where 1
indicates an employee who has left the organization and 0 represents a retained employee.

The analysis shows that 17 % of employees (115 individuals) have attrited, while 83 % (564 individuals) remain
employed. This low attrition rate indicates a relatively stable workforce, characteristic of organizations with
strong retention policies or favourable work environments. However, while the overall attrition rate appears
healthy, the analysis also highlights the significant class imbalance in the dataset. With retained employees
outnumbering attrited employees by a large margin, predictive modelling efforts face the challenge of ensuring
that minority class predictions (attrited employees) are not overlooked.

Attrition Distribution

0 1
Attrition (1 = Yes, 0 = No)

Figure 2. Attrition Distribution

The class imbalance introduces potential pitfalls in machine learning models, which may achieve high overall
accuracy by focusing predominantly on the majority class (non-attrition). For instance, a naive model predicting
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all employees as retained would still achieve an 83 % accuracy rate, despite offering no meaningful insights into
attrition. This underscores the importance of employing strategies such as oversampling, under sampling, or the
use of algorithms designed to handle imbalanced datasets, to ensure fair and accurate predictions.

From a practical standpoint, the attrition rate also provides a benchmark for evaluating the organization’s
workforce stability. A 17 % turnover rate is relatively moderate compared to industry standards, where annual
attrition rates can vary widely depending on the sector. However, the implications of this attrition extend
beyond the raw numbers. The organizational cost of turnover, including recruitment, onboarding, and lost
productivity, makes it critical to understand the drivers behind these 115 attrited cases.

The attrition distribution analysis highlights not only the stability of the organization’s workforce but also
the challenges in predictive modelling arising from the class imbalance. This step provides crucial context for
subsequent analyses, such as correlation studies, hypothesis testing, and model development, which aim to
uncover the factors contributing to employee turnover and predict future attrition cases with accuracy and
reliability.

Correlation Analysis

The correlation analysis (figure 3), revealed significantly stronger relationships among key variables, shedding
light on the intricate dynamics influencing employee attrition. The strongest relationship was observed between
tenure and annual performance rating (r = 0.83). This robust positive correlation indicates that employees
with longer tenures tend to achieve higher performance ratings. Employees who remain with an organization
for extended periods often gain a deeper understanding of job requirements, organizational culture, and
workflows. Their familiarity with tasks and processes, coupled with accumulated experience, enhances their
ability to perform consistently well. This finding underscores the value of employee retention in fostering higher
productivity, suggesting that organizations benefit significantly from cultivating long-term relationships with
their workforce. Additionally, it reflects the importance of recognizing tenure as not just a time-based metric
but also a proxy for accumulated skills and organizational knowledge.

Correlation Heatmap

Employee ID

Age

Tenure

-0.6

Overtime Status

Annual Performance Rating

-0.4

Promotions

Job Satisfaction Score

Attrition -

Employee ID -

Age -

Tenure -

Overtime Status -

Annual Performance Rating -
Promotions -

Job Satisfaction Score -
Attrition -

Figure 3. Correlation Heatmap

A strong positive correlation was also observed between job satisfaction scores and annual performance
ratings (r = 0,61). This relationship highlights the critical role of employee engagement in driving performance
outcomes. Satisfied employees are more likely to be motivated, committed, and aligned with organizational
goals, which in turn translates into better performance evaluations. This finding aligns with established
theories such as Herzberg’s Two-Factor Theory, which posits that satisfaction-related factors like recognition
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and achievement directly contribute to employee effectiveness. For organizations, this underscores the need
to foster an engaging and supportive work environment to maintain high levels of employee satisfaction and,
consequently, productivity.

A weaker yet notable positive correlation was found between tenure and job satisfaction scores (r = 0,14).
While not as strong as the other relationships, this correlation suggests that employees who have been with
the organization longer are likely to develop a greater sense of belonging and loyalty. This may stem from
increased familiarity with their roles, stronger relationships with colleagues, and a sense of stability within
the organization. However, the weaker strength of this correlation indicates that other factors, such as role
changes, career progression opportunities, or external influences, may mediate the relationship between tenure
and satisfaction.

The analysis also established a clear relationship between attrition and key variables, such as job satisfaction
and performance ratings. Employees with lower satisfaction scores and weaker performance ratings showed
a higher likelihood of attrition. This is consistent with HR practices, where disengaged or underperforming
employees are more prone to voluntarily leave due to dissatisfaction or are subject to performance-based
terminations. These findings emphasize the interplay between employee perceptions and organizational
outcomes, illustrating how dissatisfaction can escalate into turnover if not addressed.

The correlations provide a comprehensive framework for understanding attrition dynamics. They suggest
that improving job satisfaction and supporting employee performance, particularly for those in early tenure
stages, can significantly reduce turnover rates. Furthermore, these findings validate the hypothesis that
satisfaction, performance, and tenure are critical predictors of employee attrition. For organizations, this
means that interventions aimed at enhancing satisfaction and performance, such as targeted training programs
or improved managerial support, can have substantial benefits for retention.

Logistic Regression

Logistic Regression demonstrated robust performance with an accuracy of 85 %, reflecting its ability to
correctly predict employee attrition in 85 out of 100 cases. Its precision of 82 % indicates that when the model
predicted attrition, it was correct in 82 % of instances. The recall of 80 % shows that the model successfully
identified 80 % of actual attrition cases. The F1-score of 81 %, which balances precision and recall, underscores
the model’s reliability. Furthermore, the AUC-ROC of 88 % (figure 6) highlights the model’s capability to
distinguish between attrited and non-attrited employees effectively.

Random Forest

Random Forest emerged as the top-performing model, delivering an accuracy of 92 %, meaning it correctly
predicted 92 out of 100 cases (figure 4). Its precision of 90 % signifies that 90 % of attrition predictions were
accurate, while its recall of 91 % indicates it captured almost all attrition cases. The F1-score of 90 % reflects
the balance between precision and recall, making Random Forest a reliable model. Its AUC-ROC of 94 % (figure
6) demonstrates exceptional capability to differentiate between attrited and non-attrited employees.

Random Forest aggregates predictions from multiple decision trees. Each tree operates on a random subset
of data and features, making the ensemble robust to overfitting and generalizable. By combining these trees,
the model captures complex, non-linear relationships between predictors and attrition. For example, it may
identify that low job satisfaction, combined with high overtime and short tenure, significantly increases attrition
risk.
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Figure 4. Random Forest Analysis
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Random Forest’s high performance highlights its strength in addressing complex attrition patterns. It reveals
critical interactions, such as the joint effects of engagement and workload, which simpler models may overlook.
For HR applications, Random Forest provides actionable insights for targeted retention strategies. For instance,
it can prioritize interventions for employees flagged by multiple risk factors, such as dissatisfaction and poor
performance. The model’s robustness ensures reliable predictions even with diverse data, making it the ideal
choice for predictive HR analytics.

Decision Tree

Decision Trees performed strongly, achieving an accuracy of 88 %. Its precision of 85 % and recall of 86 %
show that it accurately predicts attrition and captures most attrition cases. The F1-score of 85 % underscores
its balanced performance, and the AUC-ROC of 89 % (figure 6) highlights good discriminative ability between the
two classes. Decision Trees split data into subsets based on conditions that maximize information gain (figure
5). For example, it might create rules like “If job satisfaction < 3 and tenure < 2 years, then attrition = 1.”
These clear thresholds make the model interpretable and actionable for HR professionals.

Decision Tree Visualization
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Figure 5. Decision Tree Analysis

Decision Trees are valuable for understanding key decision points in attrition risk. Their interpretability
allows HR teams to identify critical thresholds, such as low job satisfaction or lack of promotions, and act
proactively. While Decision Trees may overfit without regularization, their transparent rules make them useful
for designing practical retention strategies. For instance, interventions can target employees whose satisfaction
scores fall below a specific threshold. Despite slightly lower performance compared to Random Forest, Decision
Trees provide actionable insights, bridging predictive power and interpretability.

AUC-ROC Curve for Machine Learning Models
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Hypothesis Testing

The hypothesis testing for annual performance ratings demonstrated statistically significant differences
between attrited and non-attrited employees (table 2). The t-statistic was highly positive, and the p-value was
well below 0,05, providing strong evidence to reject the null hypothesis. This result indicates that the average
performance ratings of attrited employees were significantly lower than those of retained employees.

Table 2. Hypothesis Testing Result

Hypothesis Tested Variable(s) Test Statistic P-Value Result

H1: Thereis a significant relationship Age, Gender, Marital Status  Chi-Square: 15,23 0,001 (< 0,05) Significant; Reject
between demographic factors and Null Hypothesis
attrition.

H2: Job-related factors significantly Tenure, Job Role, Department F-Statistic: 8,75 0,002 (< 0,05) Significant; Reject
impact attrition likelihood. Null Hypothesis
H3: Engagement and satisfaction Job  Satisfaction  Score, T-Statistic: 7,01 5,90 (< 0,05) Significant; Reject
levels are inversely related to Annual Performance Rating Null Hypothesis
attrition.

Attrited employees consistently exhibited lower performance ratings compared to their retained counterparts.
This finding aligns with both theoretical and practical HR insights. Employees with lower performance ratings
may voluntarily leave due to dissatisfaction with their roles, reduced motivation, or feelings of inadequacy.
Alternatively, organizations may terminate underperforming employees as part of their performance management
strategies, further contributing to this trend. This dual mechanism voluntary attrition due to dissatisfaction and
involuntary attrition due to performance issues underscores the multifaceted nature of turnover.

Conversely, non-attrited employees displayed higher performance ratings on average. This suggests that
organizations prioritize retaining high-performing employees to maintain productivity and achieve strategic
goals. High performers are often rewarded with recognition, promotions, and other incentives, reinforcing
their commitment to the organization. This finding validates the hypothesis that performance is a critical
determinant of retention and highlights the need for organizations to invest in robust performance management
systems.

The t-test results reinforce the notion that performance ratings are a key predictor of attrition. They suggest
that underperforming employees are at greater risk of turnover, whether due to voluntary or involuntary
reasons. For organizations, this insight emphasizes the importance of early intervention for at-risk employees.
For example, providing additional training, coaching, or performance improvement plans could mitigate the
likelihood of attrition among underperformers. Additionally, recognizing and rewarding high performers is
essential to retaining top talent and fostering organizational stability.

DISCUSSION

Employee attrition continues to be a subject of significant interest in organizational research, with various
theories and studies attempting to elucidate its complex drivers. This study builds on established literature
by leveraging machine learning to analyse and predict attrition, offering a modern complement to traditional
human resource theories.

Attrition and Theoretical Foundations

Herzberg’s Two-Factor Theory has long emphasized the role of intrinsic and extrinsic motivators in employee
retention. Herzberg categorizes motivators like job satisfaction and opportunities for advancement as critical
to fostering retention, while factors such as poor management or inadequate rewards drive dissatisfaction and
turnover. The study’s emphasis on job satisfaction aligns closely with Herzberg’s assertions, highlighting its
relevance as a predictor of attrition. For example, research by®? reinforces that satisfied employees are less
likely to attrite, as they derive fulfilment from their roles and workplace environment.

Social Exchange Theory further complements this understanding by suggesting that employees engage in
reciprocal relationships with their employers. Carter et al.“” posits that when employees perceive inequity
in these exchanges, such as lack of support or career growth opportunities, their commitment diminishes,
increasing attrition risk. This is consistent with findings that engagement metrics, a proxy for perceived equity,
significantly influence turnover intentions.

Departmental Dynamics and Role-Specific Factors

The importance of job roles and departmental characteristics in attrition has been consistently highlighted
in literature. Studies by Farooq et al.*®indicate that high-pressure roles, particularly in departments like IT and
sales, exhibit elevated attrition rates. This is attributed to factors like demanding workloads, tight deadlines,
and limited work-life balance. The study’s focus on department-specific patterns validates these findings,
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emphasizing the necessity for tailored interventions. For example, providing flexible work arrangements and
targeted well-being programs in high-stress departments aligns with strategies suggested by research from®?,
which links employee engagement to reduced turnover.

Additionally, Suriati et al.“Y unfolding model of voluntary turnover posits that specific job-related events,
such as lack of promotion or career stagnation, trigger attrition. This underscores the critical role of career
development opportunities, a point that aligns with findings indicating that employees in roles with limited
upward mobility are more likely to leave. Investing in mentorship programs and transparent promotion pathways
has been shown to mitigate this risk, as discussed in studies by.®%

Tenure and Its Dual Influence

Tenure’s dual influence on attrition, as highlighted in this study, is well-documented in existing literature.
Ok and Park®? identify that employees with shorter tenures often attrite due to unmet expectations or
insufficient organizational attachment. Conversely, employees with longer tenures may experience role
stagnation or declining engagement, prompting them to seek external opportunities. These findings resonate
with®® intermediate linkage model, which describes how dissatisfaction over time can erode organizational
commitment. Research further suggests that targeted interventions can reduce attrition across tenure stages.
For example, onboarding programs enhance early tenure employees’ alignment with organizational values,
as noted by.®® For long-tenured employees, career enrichment opportunities and lateral role transitions can
rekindle engagement, as advocated by.”

The Role of Engagement and Satisfaction

Engagement and satisfaction remain pivotal in understanding and addressing attrition. Studies by®“®
demonstrate that highly engaged employees are less likely to leave their organizations, as engagement fosters
a sense of purpose and belonging. This aligns with®" findings, which show that organizations with higher
engagement scores experience significantly lower attrition rates. The study’s emphasis on engagement metrics
reinforces these observations, validating the importance of initiatives like employee recognition, regular
feedback, and opportunities for growth. The significance of job satisfaction also mirrors findings from“®  which
link satisfaction to reduced turnover intentions. Satisfaction acts as a buffer against workplace stressors,
enabling employees to cope better with challenges and maintain organizational commitment.

Machine Learning and Predictive Insights

The application of machine learning in this study aligns with the growing trend of using advanced analytics
in HR research. Studies by®” advocate for the integration of predictive analytics to identify at-risk employees
proactively. Machine learning models, such as Random Forest and Decision Trees, can uncover non-linear
interactions and subtle patterns that traditional statistical methods might overlook. This complements findings
by Guerranti and Dimitri®, who emphasize the importance of technological interventions in modern HR
practices. The ability of machine learning to operationalize traditional theories, such as Herzberg’s focus on
satisfaction or Blau’s emphasis on equity, provides a practical dimension to attrition management. By identifying
employees with high attrition risk, organizations can implement targeted retention strategies, a step that
aligns with recommendations from.?"

Implications for Practice and Future Research

This study highlights the need for a dual approach that integrates empirical insights from machine learning
with theoretical frameworks. While traditional models provide a foundational understanding, predictive
analytics enhance decision-making by offering actionable insights. Future research could explore combining
machine learning with qualitative methods, such as employee interviews, to contextualize findings and capture
the human dimension of attrition. Moreover, longitudinal studies tracking the effectiveness of retention
strategies informed by predictive models could offer deeper insights. For instance, measuring the impact of
tailored interventions over time would validate their efficacy and refine future approaches.

CONCLUSION

This study delves into the critical issue of employee attrition, leveraging advanced machine learning models
to identify key predictors and patterns that influence workforce turnover. By integrating data-driven approaches
with established human resource theories, the study provides a comprehensive framework for understanding
and addressing attrition in modern organizations. The findings underscore the multifaceted nature of attrition,
influenced by variables such as job satisfaction, tenure, departmental dynamics, and engagement levels. These
factors, while individually significant, interact in complex ways that traditional analytical methods may fail to
capture. Machine learning models, particularly Random Forest and Decision Trees, proved effective in uncovering
these non-linear relationships, offering actionable insights into high-risk groups and contributing factors.

The study reaffirms the importance of satisfaction and engagement as pivotal retention drivers, aligning
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with theories like Herzberg’s Two-Factor Model and Social Exchange Theory. It also highlights the dual influence
of tenure, emphasizing the need for tailored strategies that address the distinct needs of employees at
different stages of their organizational journey. Department-specific dynamics further underscore the necessity
of targeted interventions to address the unique challenges faced by high-pressure roles. The application of
machine learning represents a significant advancement in attrition management, enabling organizations to
transition from reactive to proactive strategies. Predictive analytics not only enhances decision-making but
also operationalizes traditional HR theories, providing a practical tool to reduce turnover and foster workforce
stability.

The study bridges theoretical insights with empirical evidence, contributing to both academic literature
and practical HR management. It underscores the potential of combining human-centric approaches with
technological advancements to create sustainable solutions for workforce challenges. Future research could
build on these findings by exploring qualitative dimensions of attrition and assessing the long-term impact of
predictive analytics-driven retention strategies. This integrated approach offers a pathway to not only mitigate
attrition but also enhance overall organizational performance and employee satisfaction.
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