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 Abstract  
Background: Employee turnover is a persistent issue in human resource management, leading to 
significant costs for organizations. This study aims to identify the most effective machine learning model 
for predicting employee attrition, thereby providing organizations with a reliable tool to anticipate 
turnover and implement proactive retention strategies. 
Objective: This study aims to address the challenge of employee attrition by applying machine learning 
techniques to provide predictive insights that can improve retention strategies. 
Methods: Nine machine learning algorithms are applied to a dataset of 1,470 employee records. After 
data preprocessing and splitting into training and test sets, the models are evaluated on metrics 
including accuracy, precision, recall, F1 score and AUC. Model performance is optimized through 
hyperparameter tuning, using grid search with cross-validation. 
Results: Logistic regression achieves the highest accuracy and precision, making it the top-performing 
model overall. Random forest provides a balanced performance with strong AUC, offering a robust 
alternative. 
Conclusion: Human resources managers and directors should consider using logistic regression or 
random forest for predictive modelling of employee turnover, as these models have shown strong 
performance. Future research should employ causal analysis for deeper insights. Real-time monitoring 
and adaptive prediction could also enhance models, offering a dynamic approach to attrition 
management.  

 Index Terms 
Human resource management; HRM; Machine learning; Employee attrition; Prediction. 

  

1 INTRODUCTION 
In today’s competitive economy, organizations face persistent challenges in 

retaining top talent, with high-performing employees being particularly susceptible 

to turnover. The examination of both actual and anticipated employee turnover has 

been a long-standing focus within the disciplines of human resource management 

and psychology (Mozaffari et al., 2023; Hom et al., 2017). Identifying those 

individuals at the highest risk of leaving is crucial for decision-makers seeking to 

minimize the disruptions and costs associated with employee attrition. Accurate 

predictions of which employees might leave can significantly enhance an 

organization’s ability to develop and implement targeted retention strategies, 

ultimately reducing the financial burden of hiring and training new staff.   
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To automate the assessment of employee attrition risk, this study utilizes the IBM HR Analytics Employee Attrition 

& Performance dataset, a resource widely analysed in the data science community. This dataset has been featured 

in some studies and competitions, with a significant number of publications exploring its insights through advanced 

visualizations, statistical analyses and predictive models (e.g., Najafi-Zangeneh et al., 2021; Raza et al., 2022). 

In this paper, we train, optimize and evaluate a variety of machine learning models to predict employee attrition. By 

analysing the outcomes of these models, we aim to provide actionable recommendations for organizations looking 

to improve their retention strategies based on data-driven insights. The findings of this study contribute to the 

ongoing discourse on the application of machine learning in human resource management, particularly in the 

context of predicting employee behaviour and optimizing workforce stability. 

The rest of the paper is structured as follows: Section 2 provides a review of the literature on employee attrition 

prediction using machine learning. Section 3 details the machine learning models and methodologies applied in this 

study. Section 4 outlines the experimental setup and data preprocessing techniques. Section 5 presents and interprets 

the results and Section 6 concludes with a discussion of the key findings on the practical and theoretical side. 

2 LITERATURE REVIEW 
Employee attrition remains a significant challenge in human resource management (HRM), and recent 

advancements in machine learning have provided new tools for predicting employee turnover. Various studies have 

employed different machine learning (ML) algorithms, such as random forest, support vector machines (SVM), k-

nearest neighbours (KNN), extreme gradient boosting, adaptive boosting, decision tree, neural networks and 

ensemble methods, with varying degrees of success. 

Study of employee turnover has a long-standing tradition in HRM and psychology, primarily focusing on 

identifying key determinants such as demographic, economic and psychological factors (Fallucchi et al., 2020). 

Traditionally, regression and ANOVA have been used to analyse these factors, but there has been a notable shift 

towards employing ML techniques for more robust predictive analytics (Sousa-Poza & Henneberger, 2004). 

Recent studies have explored various statistical strategies to forecast employee attrition, emphasizing the role of 

demographic and job-related attributes. While ML models have demonstrated superior efficiency in processing 

complex datasets, earlier predictive efforts often focused on variables such as absenteeism and tardiness. However, 

these approaches sometimes lacked the comprehensive parameters required for more accurate forecasting (Nguyen 

et al., 2020). 

Research comparing naïve Bayes and decision tree algorithms has shown that J48 decision trees generally 

outperform naïve Bayes in predicting employee departures, achieving an accuracy of 82.7% with a 70% training split, 

while naïve Bayes reached 81% using the same method (Usha & Balaji, 2019). Similarly, a study by Fallucchi et al. 

(2020) applied different ML models, including Gaussian naïve Bayes, logistic regression, random forest and others, 

and indicated that Gaussian naïve Bayes performed best, achieving a recall rate (RR) of 0.54 and minimizing false 

negatives, making it the most effective model in their analysis for detecting attrition with an accuracy rate 82.5%. 

Indeed, other studies have demonstrated that random forest have proven particularly accurate, especially when 

feature selection is applied to refine the input variables, with factors such as job position and overtime significantly 

influencing attrition (Chakraborty et al., 2021). In addition, other research utilizing a random forest algorithm for 

employee attrition prediction reported an accuracy of 85.12%, demonstrating its ability to effectively identify key 

factors such as monthly income, age, daily rate, total working years and monthly rate as critical predictors of 

employee turnover (Madara Pratt & Cakula, 2021). Moreover, Krishna and Sidharth (2022) showed that the random 

forest, combined with SMOTE for class balancing, achieved an impressive accuracy of 99.36% in predicting employee 

attrition. Feature selection and balancing techniques significantly enhanced the model performance, particularly in 

addressing class imbalance. 

Meanwhile, research comparing ML models, including logistic regression and gradient boosting, found that while 

simpler models provide reliable baseline predictions, ensemble techniques enhance accuracy and robustness by 

applying multiple models. logistic regression showed an accuracy rate of 81% in predicting turnover (Najafi-

Zangeneh et al., 2021). Similarly, in another study, logistic regression achieved an accuracy of 85% in predicting 

employee turnover, further supporting its efficacy for binary classification tasks (Ponnuru et al., 2020). Moreover, 
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logistic regression again demonstrated superior performance, achieving an accuracy of 88.43%, outperforming 

decision trees and random forest (Qutub et al., 2021). In contrast, Lazzari et al. (2022) demonstrated that LightGBM 

outperformed logistic regression and random forest in predicting employee turnover intention using a Europe-wide 

dataset, achieving an accuracy of 64.1%. 

Yahia et al. (2021) conducted a comprehensive study that uniquely combined both machine learning and deep 

learning approaches to predict employee attrition across three datasets: medium (similar to ours: IBM HR Attrition), 

large and real-world. Their research revealed that the voting classifier (VC) outperformed all other models, achieving 

99% accuracy on the real-world dataset, 96% on the large dataset and 98% on the medium dataset, marking it as the 

most effective model for HR analytics according to the authors. 

In another study, deep learning models outperformed traditional machine learning methods, achieving over 94% 

accuracy and F1 scores, demonstrating their capability to capture complex patterns within large datasets, which 

conventional methods might overlook (Arqawi et al., 2022). The study also highlighted the random forest as the best-

performing ML model, achieving 92.55% accuracy. Confirmed by the study of Reddy et al. (2023), which found that 

transformer-based models performed better than traditional ML models, such as random forest and decision tree, in 

predicting employee attrition, highlighting their effectiveness in handling structured and imbalanced datasets. 

Raza et al. (2022) emphasized the role of monthly income, hourly rate, job level and age as significant factors 

influencing employee attrition. Their study applied multiple machine learning techniques, which achieved a high 

accuracy of 93% in predicting attrition, outperforming other state-of-the-art models, highlighting its effectiveness in 

identifying key factors leading to employee turnover. 

Nevertheless, there has been a shift towards more advanced modelling approaches in human resources predictive 

analytics, with a focus on using machine learning and data mining techniques to support human resources teams 

(Nijjer & Raj, 2020). Most studies employ classification models to identify turnover predictors and often test multiple 

ML models to find the most effective one (see, e.g., Fallucchi et al., 2020; Jain et al., 2021; Gabrani & Kwatra, 2018). 

However, despite using similar datasets, there is no consensus on which model is the best for predicting employee 

turnover. Table 1 below provides a comprehensive overview of key studies that have utilized ML models for 

predicting employee attrition, highlighting the best-performing models and their corresponding accuracy metrics 

across different datasets. 

Table 1. Recent related studies. 

Study Dataset Models used Best model Accuracy 

Najafi-Zangeneh 

et al. (2021) 

IBM HR Analytics 

Employee Attrition 

Random forest, logistic regression, naïve 

Bayes, KNN, decision tree 

Logistic 

regression 

81% 

Ponnuru et al. 

(2020) 

Logistic regression Logistic 

regression 

85% 

Reddy et al. 

(2023) 

Random forest, transformer Transformer Non 

Madara Pratt 

and Cakula 

(2021) 

Random forest, logistic regression, KNN, 

SVM, decision tree, Gaussian naïve Bayes 

Random forest 85.12% 

Raza et al. (2022) Extra trees classifier, SVM, logistic regression, 

decision tree 

Extra trees 

classifier 

93% 

Fallucchi et al. 

(2020) 

Gaussian NB, Bernoulli NB, logistic regression, 

k-nearest neighbours, decision tree, random 

forest, SVC, linear SVC 

Gaussian naïve 

bayes 

82.5% 

Qutub et al. 

(2021) 

Decision tree, random forest, logistic 

regression, Adaboost, gradient boosting 

Logistic 

regression 

88.43% 

Chakraborty et 

al. (2021) 

Random forest, gradient booster, SVM, KNN, 

naïve Bayes, logistic regression 

Random forest 90.20% 
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Study Dataset Models used Best model Accuracy 

Arqawi et al. 

(2022) 

Random forest, extra trees, LightGBM, 

gradient boosting, label propagation, 

Adaboost, MLP, KNN, deep learning 

Deep learning 

model 

Random forest 

94.52% 

92.55% 

Usha and Balaji 

(2019) 

J48 (C4.5 DT), naïve Bayes, EM (expectation 

maximization), k-means 

J48 (C4.5 DT) 82.77% 

Yahia et al. 

(2021) 

IBM HR Analytics 

Employee Attrition, 

HR Analysis 

(kaggle), Real HR 

Decision tree, random forest, logistic 

regression, SVM, XGBoost, DNN, LSTM, 

CNN, vote classifier 

Vote classifier 98%, 96%, 

99% 

Krishna and 

Sidharth (2022) 

HR Analysis 

(kaggle) 

Random forest Random forest 99.36% 

Liu et al. (2020) Real-world data 

from an aluminium 

company 

Logistic regression, KNN, decision tree, 

random forest, gradient boosting 

Random forest 83% 

Lazzari et al. 

(2022) 

Europe-wide 

employee survey 

dataset  

Random forest, LightGBM, logistic regression, 

decision trees, XGBoost, KNN, TabNet 

LightGBM 64.1% 

 

Table 1 summarizes findings from various studies that show both random forest and logistic regression as highly 

effective in predicting employee attrition. While random forest often shows robust performance across datasets, 

logistic regression is frequently highlighted for its accuracy. These results demonstrate the versatility of both models 

in handling complex datasets. 

3 MACHINE LEARNING MODELS 
In this study, nine ML algorithms are employed to predict employee attrition, each selected for its strengths in 

handling classification problems and the specific characteristics of our dataset. These models include decision tree, 

random forest, LightGBM, logistic regression, XGBoost, AdaBoost, SVM, K-nearest neighbours (KNN) and extra 

trees classifier (ETC).  

Decision tree (DT) is a classification method that builds a model using "if-then" rules, creating an easily interpretable 

tree structure by splitting data based on significant features (Gerdes, 2013). The Information Gain is used to select 

the feature that best splits the data: 

𝐺𝑎𝑖𝑛(𝑆, 𝐴) = 𝐻(𝑆) − ∑
|𝑠𝑣|

|𝑆|
𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠 

𝐻(𝑠𝑣) 

where: 

• S is the global dataset,  

• 𝑆𝑣 is the subset of 𝑆 where the attribute 𝐴 takes the value 𝑣, 

• ∣S∣ is the total number of examples in 𝑆, 

• 𝐻(𝑆𝑣) is the entropy of the subset 𝑆𝑣.  

This calculation makes it possible to identify the attribute offering the best separation of classes in the dataset (Gupta 

et al., 2017).  

H(Sv) = − ∑ 𝑃𝑖 log2(𝑃𝑖)

𝑐

𝑖=1

 

The entropy 𝐻(𝑆𝑣) represents the uncertainty in the data, with 𝑝𝑖 being the proportion of examples of the class 𝑖 in 

𝑆𝑣. For example, if for the attribute Attrition, 84% of employees in a subset do not leave (class "No") and 16% leave 

(class "Yes"), the entropy of this subset is calculated to assess the purity of this division. 
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In the decision tree model, MonthlyIncome, OverTime, TotalWorkingYears and YearsAtCompany were key factors that 

influenced attrition. Employees with lower monthly income and frequent overtime showed a greater tendency to 

leave, particularly in roles with lower job satisfaction. Using R functions such as rpart and varImp, we applied 

Information Gain and Gini Impurity to rank these features, allowing the model to identify factors most strongly 

linked to employee attrition. 

Random forest (RF) is an ensemble method that builds multiple decision trees using random subsets of data, 

combining their outputs to improve accuracy and reduce overfitting (Xia, 2020). The model calculates the Gini 

Impurity for each split: 

𝐺𝑖𝑛𝑖(𝑗) = 1 − ∑ 𝑃𝑖
2

𝑐

𝑖=1

 

where:  

• j is the node being evaluated, 

• 𝑝𝑖  represents the proportion of elements of the class 𝑖 in the node 𝑗, 

• 𝑐 is the total number of classes. 

The Gini impurity quantifies the degree of class heterogeneity within a node. For instance, if a node comprises 84% 

of employees who leave and 16% who stay, the Gini impurity for this node would be relatively high, reflecting an 

imperfect class separation. 

In the random forest model, MonthlyIncome, Age, TotalWorkingYears and DailyRate emerged as essential predictors. 

Employees with lower monthly income or higher overtime showed a greater likelihood of leaving. The model 

identified these features through functions such as randomForest::randomForest for training and importance to rank 

feature significance. 

Logistic regression (LR) is a statistical model for binary classification, predicting the probability of an outcome based 

on input features using the logistic function (Saidi et al., 2021). 

𝑃 (𝐴𝑡𝑡𝑟𝑖𝑡𝑖𝑜𝑛 =
1

𝑥
) =

1

1 + 𝑒−(𝛽0+𝛽1𝑋1+⋯+𝛽𝑛𝑋𝑛)
 

where:  

• 𝑃(Attrition=1∣x) represents the probability that an employee will leave the company, 

• 𝛽0  is the intercept term, serving as a baseline value, 

• 𝛽𝑖 are the coefficients for each predictor variable 𝑥𝑖, indicating the impact of individual features on attrition 

likelihood.  

In the logistic regression model, MonthlyIncome, OverTime, Department and MaritalStatus were identified as critical 

features. For instance, the coefficient for MonthlyIncome (𝛽𝑖𝑛𝑐𝑜𝑚𝑒) was negative, indicating that higher income levels 

reduce the probability of attrition. Using R functions such as glm for model training and summary to examine feature 

significance, the logistic regression model provided insights into how factors such as income and marital status affect 

attrition risk, enabling HR teams to better target retention efforts. 

LightGBM is a fast, scalable gradient boosting framework that excels at handling large, high-dimensional datasets 

by growing tree’s leaf-wise for improved accuracy. 

𝐿(y, ŷ) = ∑[𝑦̂𝑖 log(𝑦̂𝑖) + (1 − 𝑦̂𝑖)log (1 − 𝑦̂𝑖)]

𝑛

𝑖=1

 

where:  

• 𝑦𝑖  represents the actual class label (0 for staying, 1 for leaving), 

• 𝑦̂𝑖 is the predicted probability of attrition for the i-th employee. 

In the LightGBM model, MonthlyIncome, Age, OverTime and DailyRate emerged as critical features, for example 

younger employees with fewer years at the company being more likely to leave. By utilizing functions such as 
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lgb.train for model training and lgb.importance to identify key predictors, LightGBM effectively captured non-linear 

relationships between factors such as age and company tenure.  

XGBoost is another gradient boosting algorithm that builds trees sequentially, excelling in accuracy, speed and 

memory efficiency for predicting employee turnover (Ahmetoglu & Das, 2022). 

𝑂𝑏𝑗(θ) = ∑ 𝐿(𝑦𝑖 , 𝑦̂𝑖) +

𝑛

𝑖=1

∑ 𝛺(𝑓𝑘)

𝑇

𝑘=1

 

where:  

• 𝐿(𝑦𝑖 , 𝑦̂𝑖) represents the loss function measuring the difference between the actual label 𝑦𝑖  and the predicted 

value 𝑦̂i  for the i-th observation, 

• 𝛺(𝑓𝑘) is the regularization term for the 𝑘-th tree 𝑓𝑘, controlling model complexity to prevent overfitting, 

• 𝑇 denotes the total number of trees. 

In this study, MonthlyIncome, Age, OverTime and DailyRate were highlighted as key features. Using xgb.train for model 

training and xgb.importance to identify feature importance, XGBoost effectively captured these nuanced patterns in 

employee data. 

AdaBoost (AB) builds a strong classifier by combining several weak learners, such as decision trees, and focuses on 

the errors made by previous learners (Giorgio et al., 2023). The loss function minimized by AdaBoost is: 

𝐿(𝑦, 𝑦̂) = 𝑒−𝑦𝑓(𝑥) 

where:  

• 𝑦 is the actual class label (with values +1 for positive and -1 for negative cases),  

• 𝑓(𝑥) is the combined prediction from the ensemble of weak learners for the given input 𝑥. 

In the Adaboost model, MonthlyIncome, MonthlyRate, DailyRate and HourlyRate were significant predictors, using 

adabag::boosting for model training and importanceplot to evaluate feature impact. 

Support vector machine (SVM) separates classes by finding the hyperplane with the maximum margin, effectively 

minimizing classification errors, though they can be computationally demanding (Brants, 2006). 

𝑚𝑖𝑛
𝜔

1

2
‖𝜔‖2 + 𝑐 ∑ 𝜉𝑖

𝑛

𝑖=1

 

where:  

• 𝜔 represents the weights of the hyperplane, defining its orientation,  

• ∣∣𝜔∣∣² controls the margin width, promoting a larger margin for better separation, 

• 𝐶 is the regularization parameter that balances margin maximization and classification error, 

• 𝜉𝑖 are slack variables that allow some misclassification to handle non-linearly separable data. 

The key predictors in this study included TotalWorkingYears, OverTime, YearsAtCompany and MonthlyIncome. The 

varImp function was used to assess feature importance, calculating the overall importance by averaging the 

contributions across classes. 

K-nearest neighbours (KNN) classifies data based on the majority class among the k-nearest neighbours, effective 

for small datasets but less efficient for larger ones (Xiong & Yao, 2021). The distance between points is calculated 

using Euclidean Distance: 

ⅆ(𝒙, 𝒚) = √∑(𝒙𝒊 − 𝒚𝒊)
𝟐

𝒏

𝒊=𝟏

 

where:  

• 𝑥 and 𝑦 are the feature vectors of two data points, 

• 𝑛 is the number of features, 
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• (𝑥𝑖 − 𝑦𝑖)2calculates the squared difference between corresponding features of 𝑥 and 𝑦. 

In this model, DistanceFromHome and MonthlyIncome were identified as significant predictors of attrition. Using the 

caret::train function to train the model and a custom permutation-based function, calculate_permutation_importance, 

to assess feature importance, the impact of each feature was measured by calculating the reduction in accuracy when 

its values were randomly shuffled. 

Extra trees classifier (ETC) constructs random decision trees, improving accuracy and speed while avoiding 

overfitting by using random splits and the Gini index for feature selection (Baby et al., 2021). 

𝑺𝒑𝒍𝒊𝒕(𝒇𝒆𝒂𝒕𝒖𝒓𝒆)~𝒖(𝒎𝒊𝒏, 𝒎𝒂𝒙) 

where:  

• 𝑢(min, max) denotes a uniform distribution between the minimum and maximum values of the feature, 

• the split points are chosen randomly within this range, reducing overfitting and enhancing model 

robustness. 

In this model, MonthlyIncome, Age, OverTime and DailyRate were identified as key predictors of attrition. Using 

ranger::ranger for model training and extracting feature importance with ranger_model$variable.importance, the extra 

trees classifier was able to highlight patterns, such as higher attrition risk for employees at lower job levels. 

4 METHODS    

4.1 Dataset used 
This study utilizes a publicly available dataset from IBM HR Analytics Employee Attrition & Performance, see Data 

availability statement. It contains 1,470 records, each representing an employee with 35 features encompassing both 

numerical and categorical data (see Table 2).  

Table 2. Dataset features. 

Feature name Type Feature name Type 

Age Numeric MonthlyRate Numeric 

DistanceFromHome Numeric NumCompaniesWorked Numeric 

Attrition Categorical Over18 Categorical 

Education Categorical OverTime Categorical 

EducationField Categorical PercentSalaryHike Numeric 

EmployeeCount Numeric PerformanceRating Numeric 

EmployeeNumber Numeric RelationshipSatisfaction Categorical 

EnvironmentSatisfaction Categorical DailyRate Numeric 

Gender Categorical StandardHours Numeric 

HourlyRate Numeric StockOptionLevel Categorical 

JobInvolvement Categorical TotalWorkingYears Numeric 

JobLevel Categorical TrainingTimesLastYear Numeric 

JobRole Categorical WorkLifeBalance Categorical 

Department Categorical YearsAtCompany Numeric 

BusinessTravel Categorical YearsInCurrentRole Numeric 

JobSatisfaction Categorical YearsSinceLastPromotion Numeric 

MaritalStatus Categorical YearsWithCurrManager Numeric 

MonthlyIncome Numeric   
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The dataset was split into two categories (see Figure 1): 1,233 records for employees who stayed with the company 

("No" attrition) and 237 records for those who left ("Yes" attrition). 

 

Figure 1. Distribution of employee attrition. 

4.2 Data preparation and model development workflow 
In developing the predictive model, we follow a conventional approach, starting with preparing the input data. The 

initial data, comprising employee information, are fed into the machine learning algorithm. These data are then used 

to train the algorithm, allowing it to learn patterns and relationships within the dataset. Once the model is trained, 

it is evaluated to ensure its effectiveness. This involves assessing its accuracy in predicting outcomes and if necessary, 

adjusting the model for better performance. Finally, the refined model is applied to new data to generate predictions 

about employee attrition, providing actionable insights for HR management. 

4.2.1 Data preparation 

Data preprocessing is a critical step to ensure that the data fed into the ML models are clean, consistent and in a 

format that maximizes the model learning potential. This process includes: 

Handling missing values: Missing values were identified and managed using imputation techniques or by excluding 

records with substantial gaps. To remove rows with missing data, the na.omit() function was used, which excludes 

any row containing an NA value. In cases where imputation was suitable, the impute() function was applied to 

estimate missing values based on other available data, allowing a more complete dataset without losing potentially 

valuable records. 

Encoding categorical variables: Categorical variables were converted into numerical equivalents using one-hot 

encoding, creating binary columns for each category. The model.matrix() function in R facilitated this transformation, 

allowing the models to effectively interpret categorical information in a numeric format. 

Feature scaling: Feature scaling was applied to ensure that all variables had a consistent impact on the analysis, 

preventing any single feature from dominating due to its range. Using the scale() function in R, each variable was 

adjusted to have a mean of zero and a standard deviation of one, bringing them to a common scale. This step was 

especially helpful for models such as logistic regression, which can be sensitive to differences in feature magnitudes, 

allowing balanced contributions from all features. 

Feature selection: Irrelevant or redundant features were removed to streamline the model and improve accuracy. 

This step was informed by analysing feature importance metrics, especially those provided by tree-based methods 

such as random forest. Using functions such as randomForest() in R, feature importance scores were obtained, 

highlighting the variables that had the most predictive value. Features with lower importance were subsequently 

removed to focus on the most relevant predictors, enhancing both the model efficiency and interpretability. 
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4.2.2 System implementation 

The analysis was conducted using R version 4.0.2 in RStudio, utilizing libraries such as caret, randomForest, xgboost, 

e1071, ggplot2 and others for data manipulation, machine learning model development and result visualization. The 

computations were carried out on a system equipped with an Intel Core i7 processor, 32GB RAM and a 512GB SSD. 

The dataset was split into training (80%) and testing (20%) subsets with the createDataPartition() function from the 

caret package. Cross-validation and hyperparameter tuning were performed through grid search using the train() 

function. Models were evaluated using key metrics: accuracy, precision, recall and area under the curve (AUC), 

ensuring a thorough assessment of their ability to handle class imbalance in employee attrition prediction. 

4.3 Performance metrics 
Given the imbalanced nature of the dataset, it was essential to use evaluation metrics that provide a balanced and 

accurate assessment of model performance. Five distinct metrics were employed for a comprehensive evaluation of 

the models. 

Accuracy: Reflects the overall correctness of the model by measuring the proportion of true positive (TP) and true 

negative (TN) predictions out of the total number of instances. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑁
 

Precision: Indicates how accurately the model identifies positive cases, calculated as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall (sensitivity): This metric measures the model's ability to capture all actual positive cases. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

F1 score: Balances precision and recall by calculating their harmonic mean, making it especially useful for evaluating 

performance on imbalanced datasets. 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗    
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

Receiver operating characteristic (ROC) curve and area under the curve (AUC): The ROC curve illustrates the 

trade-off between sensitivity (true positive rate) and specificity (false positive rate) across different decision 

thresholds. The AUC provides a single value to summarize the overall performance of the model, with higher values 

indicating better performance. 

𝐴𝑈𝐶 =  ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑(𝐹𝑃𝑅)
1

0

 

Here, the true positive rate (TPR) measures the proportion of correctly identified positive cases, with its function 

being (Vázquez-Diosdado et al., 2024):  

𝑇𝑃𝑅 =   
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝑇𝑃)

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝑇𝑃)  +  𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (𝐹𝑁)
 

Furthermore, the false positive rate (FPR) quantifies the proportion of negative cases incorrectly classified as 

positive, with its function being (Vázquez-Diosdado et al., 2024): 

𝐹𝑃𝑅 =  
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝐹𝑃)

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝐹𝑃) +  𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (𝑇𝑁) 
 

5 RESULTS 
In this study, we evaluated the performance of nine ML models in predicting employee attrition. Each model was 

tested and compared based on five key metrics. Table 3 provides a comprehensive comparison of these models, 

highlighting the strengths and weaknesses of each approach. 
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Table 1. Performance comparison of machine learning models in employee attrition prediction. 

Model Accuracy Precision Recall F1 score AUC 

Logistic regression 0.877 0.877 0.684 0.769 0.839 

Random forest 0.857 0.850 0.692 0.763 0.845 

Decision tree 0.846 0.846 0.763 0.802 0.694 

LightGBM 0.871 0.160 0.697 0.260 0.500 

XGBoost 0.863 0.863 0.694 0.769 0.830 

AdaBoost   0.857 0.857 0.692 0.766 0.838 

SVM   0.870 0.870 0.963 0.914 0.135 

KNN   0.809 0.819 0.786 0.802 0.605 

Extra trees  0.846 0.840 0.692 0.759 0.155 

 

Table 3 shows that logistic regression achieves a high accuracy (0.877) and precision (0.877), making it a strong model 

overall. However, its recall (0.684) suggests that it may miss some true positives, which could be critical in attrition 

prediction. The SVM model shows exceptional recall (0.963) and high precision (0.870), indicating that it is very 

effective in identifying true positives, although its AUC is notably lower (0.135), which limits its overall reliability. 

LightGBM, despite having good accuracy (0.871), struggles with precision (0.160), suggesting a tendency to generate 

many false positives. The random forest provides a balanced performance with decent accuracy (0.857), precision 

(0.850), recall (0.692) and a competitive AUC (0.845), making it a well-rounded choice. AdaBoost also performs well 

with strong precision (0.857) and a high AUC (0.838), indicating its robustness. Meanwhile, the decision tree and 

KNN models each achieve F1 scores of 0.802, indicating a strong balance between precision and recall. This balance 

makes them reliable choices for identifying attrition cases, particularly in situations where maintaining accuracy 

across metrics is crucial. In contrast, extra trees show lower F1 and AUC values, which could reduce its effectiveness 

for consistently predicting attrition. 

Table 2. Key metric comparison across machine learning models. 

Metric Best model Value 

Accuracy Logistic regression 0.877 

Precision Logistic regression 0.877 

Recall SVM 0.963 

F1 Score SVM 0.914 

AUC Random forest 0.845 

 

Table 4 highlights that logistic regression performs well with both high accuracy (0.877) and precision (0.877), 

making it effective at identifying true positives and minimizing false positives. Support vector machines stand out 

with the highest recall (0.963) and the top F1 score (0.914), making it particularly strong in capturing true attrition 

cases. This balance suggests that SVM is highly effective in situations where identifying all attrition cases is critical. 

The random forest leads in AUC (0.845), demonstrating a strong discriminative power across different decision 

thresholds, which enhances its reliability in classifying both attrition and non-attrition cases. 

5.1 Performance comparison 
The following figures illustrate the performance metrics of machine learning models in predicting employee 

attrition. 
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Figure 2. ROC curves for machine learning models. 

 

Figure 3. Employee attrition prediction. 
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Figure 2 shows the ROC curves for ML models. The random forest leads with the highest AUC (0.845), indicating a 

strong discriminative power. Logistic regression follows with an AUC of 0.839, while XGBoost and AdaBoost also 

perform well, with AUCs of 0.830 and 0.838, respectively. The decision tree and KNN models show moderate 

performance with AUCs of 0.694 and 0.605. In contrast, SVM (0.135), extra trees (0.155) and LightGBM (0.500) 

demonstrate weaker discriminative abilities. These curves highlight the trade-offs between sensitivity and specificity 

across models. 

The precision-recall curves in Figure 3 show the trade-off between precision and recall across nine ML models. The 

SVM model achieved the highest AUC-Recall rate (RR) of 0.963, indicating superior performance in balancing 

precision and recall. K-nearest neighbours followed with an AUC-PR of 0.786, showing relatively strong 

performance. XGBoost and LightGBM demonstrated moderate effectiveness with AUC-PR of 0.694 and 0.697, 

respectively. The logistic regression, random forest, AdaBoost and extra trees models all had similar AUC-PR values 

around 0.684 to 0.692, suggesting comparable performance. The decision tree model displayed an AUC-PR of 0.736, 

reflecting a moderate balance between precision and recall. These results emphasize the importance of selecting a 

model that aligns with the specific needs of the project, particularly in managing the trade-offs between false 

positives and false negatives. 

 

Figure 4. Comparison of model accuracy. 

The plot in Figure 4 shows that the logistic regression model achieved the highest accuracy at 0.877, demonstrating 

its strong performance in correctly classifying the data. LightGBM and support vector machines followed closely 

with accuracies of 0.871 and 0.870, respectively. XGBoost also performed well with an accuracy of 0.863, while the 

random forest and AdaBoost models both recorded an accuracy of 0.857. The decision tree and extra trees classifier 

models showed lower accuracies at 0.846 each. Notably, the KNN model exhibited the lowest accuracy at 0.809, 

indicating that it may be less suitable for this particular task. 
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Figure 5. F1 scores across machine learning models.  

In Figure 5, support vector machines achieved the highest F1 score at 0.914, indicating its strong balance between 

precision and recall, making it highly effective for predicting attrition cases. The decision tree and K-nearest 

neighbours models also performed well, each with an F1 score of 0.802, showcasing their ability to reliably identify 

cases of attrition. logistic regression, XGBoost and AdaBoost demonstrated moderate performance, with F1 scores 

of 0.769, 0.769 and 0.766, respectively, suggesting that these models offer a balanced approach but with slightly lower 

effectiveness compared to SVM. Meanwhile, extra trees classifier and random forest had F1 scores of 0.759 and 0.763, 

respectively, reflecting a reasonable balance but with limited precision-recall synergy. LightGBM, with an F1 score 

of 0.26, showed comparatively lower effectiveness, indicating a higher rate of false positives and reduced reliability 

in this context. 

5.2 Performance analysis 
The evaluation of the machine learning models on the IBM dataset (1,470 records, 16.1% attrition) highlighted logistic 

regression as the best-performing model, with the highest accuracy (87.7%) and precision, correctly identifying 208 

out of 237 employees who had left. However, it missed some attrition cases due to lower recall (0.684). The random 

forest provided a balanced performance with an accuracy of 85.7% and an AUC of 0.845, correctly identifying 164 

out of 237 employees who had left, making it a robust alternative for HR decision-making, particularly for balancing 

true positives and false positives. Support vector machines showed exceptional recall (0.963) but struggled with a 

low AUC (0.135), limiting its reliability. LightGBM demonstrated strong accuracy (87.1%) but had poor precision, 

indicating a high rate of false positives. While support vector machines are useful in scenarios where capturing all 

potential attrition cases is critical, logistic regression remains the top choice due to its superior accuracy and 

precision. 

Given the class imbalance in our dataset by 1,233 instances of “No” attrition and 237 instances of “Yes” attrition, a 

baseline was established using a majority class classifier. This classifier, predicting all the cases as “No” attrition, 

achieved an accuracy of 83%, with a precision of 0.83, a recall of 1.0 and an F1 score of 0.91 for the “No” class. These 

metrics provide a basic benchmark, setting a minimum standard that machine learning models must surpass to 

demonstrate meaningful predictive capability. 

In comparison, the top-performing models such logistic regression, random forest and support vector machines, all 

outperformed this baseline. Logistic regression achieved an accuracy of 87.7% for predicting “Yes” attrition cases, 

demonstrating an improvement over the baseline 83% accuracy and addressing cases missed by the majority class 

classifier. Random forest showed similar gains, with an accuracy of 85.7% and an F1 score of 0.763, effectively 

identifying instances of attrition. Support vector machines achieved an accuracy of 87% and the highest F1 score of 

0.914, further illustrating the advantages of using ML models to detect employees at-risk of leaving. These results 

confirm that these models provide substantial improvements in predictive accuracy and recall over the simplistic 

majority class approach, supporting more nuanced HR decision-making. 
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6 DISCUSSION 

6.1 Theoretical contribution 
This study provides a comprehensive comparison of machine learning models for predicting employee attrition, 

contributing to the academic understanding of model effectiveness in this area. Logistic regression achieved the 

highest accuracy at 87.7%, demonstrating its strong suitability for binary classification in human resources data. The 

random forest followed closely with an accuracy of 85.7% and an AUC of 0.845, reflecting its consistent performance 

across multiple metrics. These findings align with prior studies; for instance, Madara Pratt and Cakula (2021) 

reported an accuracy of 85.12% on the same dataset as ours, while Chakraborty et al. (2021) achieved 90.2% accuracy 

by applying feature selection. Additionally, Liu et al. (2020) demonstrated the ability of random forest to predict 

turnover with 83% accuracy on industrial data, and Krishna & Sidharth (2022) reached 99.36% accuracy after 

applying SMOTE to handle class imbalance. These studies underscore the adaptability of random forest across 

datasets with mixed categorical and numerical variables. 

Our analysis also highlighted LightGBM, which achieved an accuracy of 87.1% and an AUC-PR of 69.7% but 

struggled with an F1 score of 0.26, likely due to class imbalance. This contrasts with the findings of Lazzari et al. 

(2022), where LightGBM reached a significantly higher AUC-PR of 64.1% on a larger dataset, indicating that its 

performance could improve with more data and tailored feature engineering. These results show that LightGBM is 

relatively close to our Random Forest results in terms of accuracy but struggles with precision, as indicated by its 

lower F1 score. 

In our study, logistic regression achieved the highest accuracy at 87.7%, outperforming all the other models tested. 

This result is consistent with findings from similar research using the IBM HR Analytics dataset. For instance, 

Ponnuru et al. (2020) reported an accuracy of 85% with logistic regression, while Najafi-Zangeneh et al. (2021) found 

81% accuracy on the same dataset. These recurring results highlight logistic regression as a dependable option for 

predicting employee attrition. However, this model did show some limitations in recall (0.684) and F1 score (0.769), 

indicating challenges in identifying all employees at risk of leaving. Qutub et al. (2021) observed a similar trend, 

noting that even with a high accuracy of 88.43% on a comparable dataset, logistic regression struggled with precision 

and recall, likely due to class imbalance. This pattern suggests that, while logistic regression serves as a reliable 

baseline, enhancements through feature engineering or class balancing could improve its ability to capture attrition 

cases more effectively. 

In addition, several studies have highlighted the effectiveness of deep learning for predicting employee attrition. 

Arqawi et al. (2022) found that deep learning models outperformed traditional algorithms, achieving 94.52% 

accuracy. Yahia et al. (2021) similarly demonstrated that CNN and LSTM models reached accuracies of up to 99%, 

surpassing random forest and logistic regression. Reddy et al. (2023) also showed that transformer-based models 

excelled in handling structured and imbalanced datasets, further emphasizing the growing relevance of deep 

learning as datasets become more complex. 

However, this study provides a comprehensive analysis of machine learning models for predicting employee 

attrition, uniquely characterized by its clear explanations of mathematical functions and detailed examination of 

feature importance for each model. By identifying and interpreting the most influential variables, this research 

supports HR professionals in understanding the factors that contribute to turnover risks. Additionally, it compares 

the findings with prominent studies in this domain, placing its results within the broader landscape of attrition 

research. The study also highlights practical R functions commonly used in machine learning, offering readers 

concrete tools for replicating and adapting these analyses to their own datasets. This approach enhances the study's 

methodological transparency and makes it a valuable resource for organizations and researchers aiming to refine 

their predictive strategies in human resources. 

6.2 Practical implications 
For HR managers, these insights offer valuable guidance on model selection; for example, logistic regression, with 

its accuracy of 87.7%, emerges as a reliable choice for identifying employees likely to stay, making it suitable for 

broader HR use cases. On the other hand, the random forest shines in its balanced performance across accuracy, 
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precision and recall, making it adaptable to scenarios where consistent metrics across different measures are 

essential. 

In contexts where a high recall rate is necessary, as in cases focused on identifying most potential attrition cases, 

support vector machines offer a recall of 0.963, though its AUC of 0.135 suggests some limitations in its general 

reliability. LightGBM also showed strong accuracy at 87.1%, but its lower precision indicates that it may be best 

utilized in combination with other models to reduce false positives in HR scenarios. 

The study underscores how class imbalance can affect model effectiveness, suggesting that HR managers might 

consider techniques such as SMOTE to enhance model performance, particularly in datasets where attrition is 

underrepresented. By evaluating nine distinct models, including traditional, ensemble and newer methods, this 

research provides HR practitioners with an informed basis for choosing models tailored to their organizational needs 

and patterns in employee engagement and turnover. 

7 CONCLUSION 
This study demonstrated the effectiveness of various machine learning models in predicting employee turnover, 

with logistic regression achieving the highest accuracy. Future research should explore the integration of contextual 

features, such as external labour market conditions, to enhance model sensitivity to external factors influencing 

turnover. Additionally, expanding the analysis across multiple organizations and sectors could improve 

generalizability and adaptability to different workplace environments. Employing causal analysis algorithms, such 

as causal graphs, could also provide insights into underlying factors driving attrition. Finally, incorporating real-

time monitoring and adaptive prediction systems would allow models to continuously refine predictions as new 

data become available, offering a dynamic approach to attrition management. This paper contributes to a deeper 

understanding of the role of machine learning in predicting employee turnover, highlighting both the strengths and 

challenges of various models and proposing avenues for further exploration. 
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