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Abstract. Employee turnover prediction remains challenging in 

Human Resource (HR) analytics because class imbalance can reduce 

the ability of machine learning models to identify employees at 

genuine risk of leaving. This study develops and evaluates a 

comprehensive machine learning framework that balances 

minority-class detection and false-positive control. A publicly 

available HR dataset containing demographic, organizational, 

performance, and training-related attributes was analyzed using 

seven algorithms: Logistic Regression, Support Vector Machine, 

Multilayer Perceptron, Random Forest, XGBoost, LightGBM, and 

CatBoost. Cost-sensitive learning and three resampling methods, 

SMOTEENN, ADASYN, and Tomek Links, were compared through 

stratified 10-fold cross-validation. Performance was evaluated 

using ROC-AUC, PR-AUC, Balanced Accuracy, Matthews Correlation 

Coefficient, G-Mean, Sensitivity, and Specificity, followed by 

threshold adjustment and SHAP analysis. Original LightGBM 

achieved the highest discrimination performance (ROC-AUC = 

0.5975 ± 0.0546; PR-AUC = 0.2020 ± 0.0426), while cost-sensitive 

LightGBM produced the most balanced results (Balanced Accuracy 

= 0.5221 ± 0.0303; MCC = 0.0499 ± 0.0685). SHAP identified 

Department Type, Current Employee Rating, Training Cost, and Age 

as key predictors. Overall, integrating cost-sensitive learning, 

threshold optimization, and explainability improved model 

interpretability and practical utility for evidence-based HR decision-

making processes in employee retention management and 

planning.. 
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1. INTRODUCTION 

 

Employee turnover is one of the strategic issues in human resource management 

because it is directly related to organizational stability, sustainability of institutional 

knowledge, productivity, and cost efficiency [1], [2]. Theoretically, organizations are 

expected to be able to retain employees through effective human resources (HR) 

practices, such as job satisfaction management, engagement, work-life balance, career 

development, and continuous performance evaluation [3], [4], [5]. However, in practice, 

turnover is still a difficult phenomenon to predict because an employee's decision to stay 

or leave is influenced by a combination of individual, psychological, organizational, and 

work environment factors [6], [7]. Recent studies show that turnover not only impacts the 

loss of labor, but can also disrupt morale, productivity, and overall organizational 

performance [8]. 

 

In the context of this study, employee turnover is defined as the separation of employees 

from the organization regardless of whether the separation occurs voluntarily (e.g., 

resignation) or involuntarily (e.g., termination or dismissal initiated by the employer). 

Accordingly, the target variable Employee Status classifies employees into two 

categories, namely Active and Dismissed, where the dismissed class represents all 

employees who are no longer employed by the organization. Throughout this paper, the 

term employee turnover is therefore used as an umbrella concept encompassing both 

voluntary and involuntary employee separation. 

 

The main gap in modern HR practice lies in the difference between an organization's 

expectation to undertake an early retention intervention and the fact that many HR 

decisions are still reactive [9], [10]. In conventional approaches, turnover risks are often 

only recognized after employees have demonstrated a decline in performance, 

absenteeism, or even after a resign/termination decision has occurred [11], [12], [13]. In fact, 

the development of human resource analytics and machine learning allows organizations 

to process historical employee data to recognize turnover risk patterns earlier and based 

on evidence [14]. Research by [15] confirms that employee turnover can have serious 

consequences for companies and therefore intelligent systems are needed that are able 

to predict the likelihood of employees leaving so that HR teams can take proactive 

actions in retention and succession planning. 
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Empirically, research on predicting employee turnover using machine learning has grown 

rapidly. A systematic review by [8] of the 2012-2023 study found that 52 peer-reviewed 

studies have used more than 20 machine learning techniques to predict employee 

turnover, with supervised learning being the dominant approach. The findings reinforce 

that turnover prediction is not only a managerial issue, but has also become an 

interdisciplinary research area that connects HR management, data science, and artificial 

intelligence. In addition, the study by [16] developed a predictive model of new employee 

turnover with machine learning and emphasizes that predictive models are needed to 

overcome the limitations of previous studies that often ignore important explanatory 

variables. 

 

The urgency of this research is even stronger because failure to detect turnover early 

can lead to organizations losing potential employees, increasing recruitment and training 

costs, slowing down work processes, and reducing team effectiveness [17], [18]. In the 

context of HR analytics, it is not enough to predict turnover only to produce an "active" 

or "terminated" classification, but it is also necessary to explain the factors that 

contribute to those risks so that the model's results can be used for managerial decisions. 

Recent studies emphasize the trade-off between predictive performance and 

transparency in the use of machine learning in real-world HR data, so machine learning-

based turnover research needs to consider not only the accuracy of the model, but also 

the interpretability of the results [19]. Therefore, turnover prediction research needs to 

consider not only the predictive performance aspect, but also interpretability, 

transparency, and actionability. 

 

A recent empirical study by [20] developed a multilayer network-based turnover 

prediction model and emphasizes that in real-world classification problems, the model 

not only needs to be accurate, but must also provide information that can improve the 

quality of decision-making. The study used an explainable prediction approach to identify 

the reasons behind possible turnover in an organizational context. In line with that, the 

research by [21] places employee attrition prediction and the explanation of its 

determinants as two complementary goals, the machine learning model will be more 

valuable for organizations if it is able to explain the turnover determinants that are 

relevant to HR decision-making. 
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In the context of the Human Resource dataset used, feature important can be used to 

explain the contribution of variables such as engagement score, satisfaction score, work-

life balance score, performance score, current employee rating, department type, training 

outcome, age, and employee type to the prediction of employee status. Thus, the built 

model not only answers whether an employee is at risk of experiencing turnover, but 

also why those risks arise. This approach strengthens the research contribution by 

integrating turnover prediction, class imbalance handling, model performance evaluation, 

and risk factor interpretation in a single HR analytics framework that is applicable to 

organizational decision-making. 

 

Many previous studies have primarily focused on comparing predictive accuracy across 

different machine learning algorithms or using public datasets with limited HR variables. 

In contrast, this study addresses a more practical challenge frequently encountered in 

real-world human resource analytics, namely the trade-off between maximizing 

employee turnover detection (high recall) and minimizing false positive predictions under 

imbalanced HR data. From an organizational perspective, failing to identify employees 

who are genuinely at risk of leaving may result in greater managerial and financial 

consequences than incorrectly flagging employees who eventually remain with the 

organization [22], [23], [24]. Therefore, this study not only compares multiple machine 

learning algorithms but also evaluates different class imbalance handling techniques 

(SMOTEENN, ADASYN, and Tomek Links) while considering predictive performance, model 

interpretability, and the balance between recall and false positive rates to support more 

reliable HR decision-making. 

 

Based on the context, empirical facts, urgency, and gaps of the research, the formulation 

of the problems in this study is: 

1) What machine learning models provide the best performance in predicting the 

status of active and terminated employees 

2) What variables have the most influence on employee turnover predictions 

 

The formulation of the problem is important because turnover prediction research is not 

only oriented towards the achievement of model performance, but also on practical 

contributions to data-driven and transparent HR decision-making.  In this study, the 

target class represents employee employment status, consisting of Active and Dismissed. 
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Consequently, the turnover prediction task encompasses all employee separation events 

recorded in the dataset, including both voluntary resignation and employer-initiated 

termination, rather than voluntary turnover alone. 

 

The solution offered in this study is the application of several machine learning 

algorithms to build an employee turnover classification model. The algorithms used 

include Support Vector Machine, Artificial Neural Networks, Logistic Regression, Random 

Forest, LightGBM, XGBoost and CatBoost. The research process includes the stages of 

data pre-processing, encoding of categorical variables, division of training data and test 

data, handling of class imbalances, model training, performance evaluation, and model 

interpretability analysis. In addition to predictive performance evaluation, this study also 

applies a feature importance approach to interpret the contribution of each feature to 

the predicted turnover results. 

 

Thus, this research has a theoretical and practical contribution. Theoretically, this study 

enriches the literature on HR analytics, employee turnover prediction and factors that 

influence it in the context of human resource management. In practical terms, the results 

of the research can help organizations develop early warning systems to identify 

employees at risk of leaving, design more targeted retention strategies, and optimize 

employee development policies based on factors that have been proven to contribute to 

turnover. 

 

2. MATERIAL AND METHODS 

 

2.1. Research Design 

This study employed a quantitative predictive analytics approach using supervised 

machine learning to predict employee turnover based on Human Resource data. The 

research was designed to develop, compare, and interpret several classification models 

for distinguishing between active and terminated employees. Therefore, Figure 1 

illustrates the methodological framework combining classification modelling, class 

imbalance management, model evaluation, and model interpretation. 
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Figure 1. Methodological framework for predict employee turnover 

 

2.2. Dataset Description 

The dataset used in this study comes from the Cleaned HR Data Analysis dataset taken 

from the kaggle.com repository, consisting of 2,845 employee records. In this study, 20 

variables were used that were considered relevant and related to demographic 

characteristics, job information, performance evaluations, employee survey scores, and 

training history. The target variable was Employee Status, which was converted into a 

binary classification label consisting of Active and Dismissed. Based on initial data 

exploration, the dataset contained 2,458 active employees and 387 dismissed employees, 

indicating an unbalanced class distribution. Predictor variables included employee 

demographic attributes, such as age, gender, marital status, and race; job-related 

attributes, such as department, employee type, and salary zone; performance-related 

variables, such as current employee performance scores and ratings; employee 

perception variables, such as engagement scores, satisfaction scores, and work-life 

balance scores; and training-related variables, such as training types, training outcomes, 

training duration, and training costs. Table 1 shows the information related to the dataset. 

 

 



Vol. 8, No. 4, August 2026 

 
 

4467 | Comparative Evaluation of Hybrid Machine Learning Models with Class ….. 

Table 1. Dataset Features and Description 

No Feature Description 

1 StartDate Date when the employee started working in the 

organization. 

2 Employee Type Employment category of the employee (e.g., full-time, 

part-time, contract, temporary). 

3 Pay Zone Salary or compensation zone assigned to the employee 

based on organizational pay structure. 

4 Employee 

Classification Type 

Classification level of the employee within the 

organization (e.g., exempt, non-exempt, managerial, 

professional). 

5 Department Type Department or functional area where the employee 

works. 

6 Gender Code Employee's gender identifier. 

7 Race Desc Employee's racial or ethnic background category. 

8 Marital Desc Marital status of the employee (e.g., single, married, 

divorced). 

9 Performance Score Overall assessment of the employee’s job performance. 

10 Current Employee 

Rating 

Most recent performance rating assigned to the 

employee. 

11 Engagement Score Measure of the employee's level of engagement, 

commitment, and involvement in work activities. 

12 Satisfaction Score Employee's reported level of job satisfaction within the 

organization. 

13 Work-Life Balance 

Score 

Assessment of the employee's ability to maintain a 

balance between work responsibilities and personal 

life. 

14 Training Date Date on which the employee participated in a training 

program. 

15 Training Type Category or subject of the training attended by the 

employee. 

16 Training Outcome Result or completion status of the training program 

(e.g., passed, completed, failed). 
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No Feature Description 

17 Training Duration 

(Days) 

Total number of days spent in the training program. 

18 Training Cost Total cost incurred by the organization for the 

employee's training program. 

19 Age Age of the employee in years. 

20 Employee Status Target variable indicating the employee's employment 

status (active or terminated). 

 

2.3. Data Pre-processing 

Data pre-processing was performed to ensure the dataset was suitable for machine 

learning modelling. First, a data quality check was performed to identify missing values, 

duplicate records, and inconsistent data types. Since the initial check revealed no missing 

values, no imputation or duplicate removal was necessary. Second, irrelevant identifier 

variables, such as Employee ID, were removed from the modelling process because they 

provided no predictive value and could introduce noise. Date variables, such as Start Date 

and Training Date, were converted into numeric features containing only the year. 

Categorical variables, including Gender Code, Marital Description, Employee Type, 

Department Type, Salary Zone, Performance Score, Training Type, and Training Outcome, 

were encoded into numeric format. One-hot encoding is applied to nominal variables 

without an inherent order, while ordinal encoding can be used for variables with 

meaningful rankings, such as performance categories. Numeric variables include Current 

Employee Rank, Engagement Score, Satisfaction Score, Work-Life Balance Score, Training 

Duration (Days), Training Cost, and Age.  

 

The overall experimental workflow was conducted sequentially to ensure methodological 

consistency and reproducibility. Initially, data quality assessment and feature 

preprocessing were performed, including the removal of irrelevant attributes and the 

transformation of categorical variables into numerical representations. Subsequently, the 

processed dataset was partitioned into training and testing subsets using stratified 

sampling. Feature normalization was then fitted using only the training data and applied 

consistently to both the training and testing datasets. Afterward, class imbalance 

handling techniques (ADASYN, Tomek Links, and SMOTEENN) were applied exclusively to 

the training dataset. The balanced training data were subsequently used to develop the 
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machine learning models, while the untouched testing dataset was reserved solely for 

independent model evaluation and feature importance analysis. Following data 

preprocessing, the dataset was divided into training and testing subsets using an 80:20 

ratio. Stratified random sampling was employed to preserve the original distribution of 

the active and dismissed employee classes in both subsets. A fixed random seed 

(random_state = 42) was used to ensure experimental reproducibility. 

 

Data normalization was performed using the Z-Score method on all data to standardize 

numerical features by transforming them to have a mean of zero and a standard 

deviation of one. This pre-processing step minimizes the influence of differing feature 

scales and improves the stability and performance of machine learning algorithms during 

model training [25]. The transformation is performed using the Equation 1. 

 

𝑧 = 	 !"		$
%

      (1) 

 

where 𝑥 represents the original feature value, μ denotes the mean of the feature, σ 

represents the standard deviation of the feature, and 𝑧 is the standardized value. 

 

2.4. Handling Class Imbalance 

The dataset in this study shows an unbalanced distribution between active employees 

and employees who have quit, the handling of class imbalances was applied during model 

development. This issue is important because models trained on unbalanced data can 

become biased toward the majority class [26] and fail to identify employees who have 

quit properly. To address the class imbalance problem, three resampling techniques were 

employed, namely ADASYN, Tomek Links, and SMOTEENN. ADASYN was used to generate 

synthetic minority-class samples adaptively based on learning difficulty [27], Tomek Links 

was applied to remove overlapping observations near class boundaries [28], and 

SMOTEENN was utilized as a hybrid approach combining synthetic oversampling with 

noise-cleaning mechanisms [29]. These techniques were implemented to improve 

minority-class representation, enhance class separability, and increase the predictive 

performance of the classification models. 

 

To prevent information leakage and ensure an unbiased evaluation, all resampling 

techniques were applied exclusively to the training dataset after the train–test split. The 
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testing dataset remained unchanged throughout the experiment and was used solely to 

evaluate the predictive performance and generalization capability of the developed 

models. This procedure follows the recommended practice for imbalanced classification 

problems. 

 

2.5. Model Development 

Several supervised machine learning algorithms were developed and compared in this 

study to evaluate their effectiveness in predicting employee turnover. Logistic 

Regression was employed as a baseline model due to its simplicity, computational 

efficiency, and interpretability, making it one of the most widely used classification 

algorithms in employee attrition prediction and workforce analytics [30]. Random Forest 

was utilized to overcome the limitations of single-tree models by aggregating multiple 

decision trees through ensemble learning. This approach enhances predictive robustness, 

reduces overfitting, and effectively captures complex non-linear relationships among 

employee-related variables. Previous studies and systematic reviews have identified 

Random Forest as one of the most effective and frequently adopted algorithms for 

employee turnover prediction due to its strong predictive performance and 

generalization capability [8]. XGBoost was incorporated because gradient boosting-based 

algorithms consistently achieve superior predictive performance on structured tabular 

datasets. By sequentially correcting errors produced by previous learners, XGBoost can 

model intricate feature interactions and complex decision boundaries. Recent studies 

have reported that XGBoost frequently outperforms conventional machine learning 

models in employee attrition prediction tasks and has become one of the leading 

approaches for workforce analytics [16]. Support Vector Machine (SVM) was employed as 

an additional comparative model because of its ability to construct optimal separating 

hyperplanes in high-dimensional feature spaces and effectively address complex 

classification problems. SVM has demonstrated strong predictive performance in various 

churn prediction and workforce analytics applications, particularly when non-linear 

kernel functions are employed to capture complex class distributions [8]. Artificial Neural 

Networks (ANNs) were included to represent neural learning approaches capable of 

modelling highly complex and non-linear relationships among employee characteristics. 

ANNs have been widely recognized for their ability to learn hidden patterns and 

interactions from structured organizational datasets, making them suitable for employee 

attrition prediction and other predictive analytics applications [16]. 
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The selected algorithms were intentionally chosen to represent distinct learning 

mechanisms, including interpretable statistical models (Logistic Regression), kernel-based 

learning (Support Vector Machine), neural learning approaches (Artificial Neural Network), 

ensemble bagging (Random Forest), and gradient boosting methods (XGBoost, LightGBM, 

and CatBoost) 

 

All machine learning algorithms were implemented using the default hyperparameter 

settings provided by their respective software libraries to establish a fair baseline 

comparison among different learning algorithms. Logistic Regression (LR), Support Vector 

Machine (SVM), Artificial Neural Network (ANN), and Random Forest (RF) were 

implemented using Python and library Scikit-learn, whereas XGBoost (XGB), LightGBM, 

and CatBoost employed their official implementations. The hyperparameter 

configuration adopted for each algorithm is summarized in Table 2. 

 

Table 2. Hyperparameter Configuration 

Algorithm Hyperparameter 

LR Solver, Penalty, C 

SVM Kernel, C, Gamma 

RF N-Estimators, Max Depth 

ANN Hidden Layer Sizes 

XGB Learning Rate 

LightGBM Learning Rate 

CatBoost Iterations 

 

Table 3 is a comprehensive summary of the core mathematical formulations for Support 

Vector Machine (SVM), Artificial Neural Network (ANN), Random Forest (RF), Logistic 

Regression (LR), XGBoost, LightGBM, and CatBoost, with Table 4 describing the notations 

commonly used by these algorithms. 
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Table 3. Mathematical Formulations of Machine Learning Algorithm 

 
 

Table 4. Notation Explanation 

Notation Description 

𝑥! Value of the i-th feature 

𝑛 Number of features 

𝑦 Actual class label 

𝑦% Predicted label 

𝛽" Intercept (bias term) in Logistic Reression 

𝛽! Coefficient associated with feature 𝑥! 
𝑒 Euler’s constant 

𝑤 Wight vector defining the SVM hyperplane 

𝑤# Transpose of the weight vector 

𝑏 Bias term 

𝑤!$ Weight connecting input neuron i to neuron j 

𝑏$ Bias of neuron j 

𝑎$ Output of neuron j 

𝑔(. ) Activation function 
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Notation Description 

ℎ%(𝑥) Prediction generated by the t-th decision tree 

𝑇 Total number of trees in Random Forest 

𝐾 Number of boosting trees 

𝑓&(𝑥) Function represented by the k-th tree 

𝐹 Space of regression trees 

𝑙(𝑦! , 𝑦%!) Loss function measuring prediction error 

𝛺(𝑓&) Regularization term controlling model complexity 

𝑂𝑏$ Overall optimization objective 

𝜂 Learning rate 

𝐹%(𝑥) Ensemble model at boosting iteration t 

𝐹%'((𝑥) Ensemble model from the previous iteration 

 

2.6. Model Evaluation 

Model performance measurements were evaluated using several classification metrics, 

including accuracy, precision, recall, F1-score, ROC-AUC, and confusion matrix. For 

unbalanced datasets, accuracy alone is not considered sufficient to assess model quality. 

The best-performing models are selected based on the Receiver Operating 

Characteristic–Area Under the Curve (ROC-AUC) value. The ROC-AUC evaluates the trade-

off between true positive and false positive rates, providing a threshold-independent 

measure of classification effectiveness and overall ranking capability [31], [32]. 

Additionally, the ROC-AUC is widely recognized as a powerful metric for comparing 

machine learning models because it reflects the model's ability to differentiate between 

classes across different decision boundaries, thus offering a more holistic evaluation [33]. 

As for the datasets that have been sampling, the model with the best performance is 

selected based on the recall value as the main parameter of the model evaluation to 

minimize the risk of escaping the prediction of employees who have the potential to 

resign. 

 

3. RESULTS AND DISCUSSION 

 

3.1. Dataset Characteristics 

The employee turnover dataset used in this study consisted of employee demographic, 

organizational, and performance-related attributes collected from a publicly available 
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Human Resources dataset. After the data cleaning and pre-processing stages, the final 

dataset contained records representing two employment status categories: Active and 

Terminated, where the latter included employees who had left the organization 

regardless of the underlying reason. The predictor variables comprised demographic 

characteristics (age and employee type), organizational information (department), 

employee evaluation indicators (engagement score, satisfaction score, performance 

score, and current employee rating), work-life balance, and training outcomes. These 

variables were selected because they represent commonly available HR analytics 

indicators that have frequently been associated with employee retention and turnover 

prediction. 

 

A preliminary examination of the target variable revealed a substantial imbalance 

between the Active and Terminated classes, with active employees representing the 

majority of the observations. Such imbalance is commonly encountered in organizational 

HR datasets because employee turnover generally occurs less frequently than employee 

retention. Consequently, conventional machine learning algorithms tend to become 

biased toward the majority class, often producing high overall accuracy while failing to 

identify employees who are genuinely at risk of leaving. This characteristic motivated the 

evaluation of multiple imbalance handling strategies, including cost-sensitive learning 

and three resampling techniques (SMOTEENN, ADASYN, and Tomek Links), to improve 

minority-class recognition without compromising model stability. 

 

3.2. Classification Performance 

The overall experimental results indicate that the predictive performance varied 

substantially across the seven evaluated machine learning algorithms and the 

implemented imbalance handling strategies. Ensemble-based methods, particularly 

LightGBM, XGBoost, and CatBoost, generally demonstrated better discrimination 

capability than conventional machine learning algorithms, although no single model 

consistently achieved the highest performance across all evaluation metrics. This finding 

highlights the importance of evaluating employee turnover prediction using multiple 

complementary measures rather than relying solely on a single metric. 

 

A common pattern observed across the evaluated models was the tendency of classifiers 

trained on the original imbalanced dataset to favor the majority class. Such models 
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produced high specificity by correctly identifying active employees but frequently failed 

to recognize employees belonging to the minority (terminated) class. Consequently, 

conventional evaluation measures may provide an overly optimistic assessment of 

predictive performance when minority-class detection is the primary objective. 

 

The application of cost-sensitive learning and resampling techniques substantially 

altered the classification behavior of the models. Cost-sensitive learning generally 

improved the balance between sensitivity and specificity while preserving the original 

data distribution, whereas resampling methods increased minority-class detection at the 

expense of additional false-positive predictions. These observations suggest that 

improving turnover detection inevitably involves a trade-off between identifying 

employees at risk and minimizing unnecessary retention interventions. To provide a more 

comprehensive assessment under imbalanced HR data, model performance was 

evaluated using ROC-AUC, PR-AUC, balanced accuracy, sensitivity, specificity, Matthews 

correlation coefficient (MCC), and G-Mean. The detailed cross-validation results and 

comparative analysis of the evaluated learning strategies are presented in the following 

sections. 

 

3.3. Comparison of Cross-Validation Performance 

Table 5 summarizes the cross-validation performance of the best-performing model 

under each learning strategy. The results demonstrate that different imbalance handling 

techniques substantially influenced the trade-off between minority-class detection and 

overall discrimination performance. Among the evaluated scenarios, LightGBM combined 

with Tomek Links achieved the highest ROC-AUC (0.5997 ± 0.0535) and PR-AUC (0.2107 ± 

0.0591), whereas the Balanced learning strategy produced the highest balanced accuracy 

(0.5221 ± 0.0303) and substantially improved sensitivity (0.1516 ± 0.0521) compared with 

the original dataset. These findings indicate that although resampling and cost-sensitive 

learning improve minority-class recognition, they do not necessarily increase the global 

discrimination capability measured by ROC-AUC. 
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Table 5. Cross-Validation Results (Mean ± Standard Deviation) 
Sc
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Sp
ec

if
ic

it
y 

M
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Original LightGBM 0.5975 0.202 0.509 0.0323 0.9858 0.0412 

Balanced LightGBM 0.5831 0.193 0.5221 0.1516 0.8927 0.0499 

SMOTEENN XGBoost 0.5308 0.1601 0.5108 0.3258 0.6958 0.016 

ADASYN LightGBM 0.5502 0.1699 0.4979 0.1 0.9217 -0.0082 

TomekLinks LightGBM 0.5997 0.2107 0.511 0.0419 0.9802 0.0488 

 

3.3.1. Performance Comparison Across Learning Strategies 

A comparison of the learning strategies reveals that different imbalance handling 

approaches produce substantially different classification behaviours. Models trained on 

the original dataset generally achieved the highest specificity but suffered from 

extremely low sensitivity because they predominantly classified employees as belonging 

to the majority class. Consequently, although several original models obtained relatively 

competitive ROC-AUC values, their practical usefulness for employee turnover prediction 

remained limited. Cost-sensitive learning substantially improved minority-class detection 

without modifying the original data distribution. Compared with the original models, the 

Balanced strategy consistently increased sensitivity and balanced accuracy, particularly 

for Logistic Regression, LightGBM, and CatBoost. This observation suggests that assigning 

larger penalties to misclassified minority instances enables the classifiers to learn more 

informative decision boundaries while preserving the original feature distribution. 

 

In contrast, data-level resampling techniques exhibited different characteristics. 

SMOTEENN generally produced the highest sensitivity and G-mean because synthetic 

minority generation combined with Edited Nearest Neighbours effectively increased 

minority representation while removing noisy observations. However, this improvement 

was accompanied by lower specificity and increased false-positive predictions. ADASYN 

demonstrated similar behaviour but tended to generate slightly more conservative 

classifiers, whereas Tomek Links mainly improved class separation by removing 

borderline majority samples but showed limited effectiveness in increasing minority-

class detection. Overall, the experimental results indicate that cost-sensitive learning 

provides a more balanced compromise between sensitivity and specificity than 
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aggressive oversampling methods. These findings motivated the subsequent analyses on 

threshold adjustment and classification error patterns to further investigate the trade-

off between detecting employees at risk of turnover and minimizing unnecessary 

retention interventions. 

 

Despite the application of various imbalance handling strategies, the ROC-AUC values 

remained below approximately 0.60 for most evaluated models. This finding suggests 

that class imbalance alone is not the primary factor limiting predictive performance. 

Instead, the overlap between the feature distributions of active and terminated 

employees may reduce class separability, making it difficult for the classifiers to 

construct highly discriminative decision boundaries. Furthermore, the public HR dataset 

may not capture several important organizational and behavioral determinants of 

employee turnover, such as leadership style, organizational commitment, job satisfaction, 

career progression, or longitudinal employment history. Consequently, although 

resampling techniques improve minority-class recognition, they cannot substantially 

increase discriminative performance when the underlying predictors provide limited 

separability. 

 

3.3.2. Error Analysis Based on Classification Outcomes 

To provide a more comprehensive interpretation of the classification behaviour beyond 

aggregate performance metrics, Table 6 summarizes the confusion matrix components 

of the cost-sensitive models evaluated on the independent test set using the default 

decision threshold (0.50). Unlike ROC-AUC or PR-AUC, the confusion matrix explicitly 

quantifies the numbers of true positives (TP), true negatives (TN), false positives (FP), and 

false negatives (FN), thereby allowing a direct assessment of classification errors that 

are particularly important in employee turnover prediction. 

 

Table 6. Summary of Classification Outcomes of the Cost-Sensitive Models on the 

Independent Test Set (Threshold = 0.50) 

Model TP TN FP FN Risk Interpretation 

Logistic Regression 42 276 216 35 Aggressive turnover detection 

SVM 0 492 0 77 Misses all turnover cases 

Random Forest 0 492 0 77 Strong majority-class bias 

XGBoost 3 453 39 74 Conservative prediction 
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Model TP TN FP FN Risk Interpretation 

LightGBM 6 444 48 71 High specificity, low sensitivity 

CatBoost 28 358 134 49 Best compromise between FP and FN 

 

The results demonstrate substantial differences in the error profiles across the evaluated 

algorithms. Logistic Regression achieved the highest number of correctly detected 

turnover cases (TP = 42), reducing false negatives to 35. However, this improvement was 

accompanied by a relatively large number of false positives (FP = 216), indicating that 

many active employees were incorrectly classified as being at risk of leaving. In contrast, 

SVM and Random Forest predicted nearly all employees as belonging to the majority 

class, resulting in perfect specificity but failing to identify any turnover cases (TP = 0; FN 

= 77). Although these models minimized false alarms, they were ineffective as early 

warning systems because every employee who eventually left the organization remained 

undetected. 

 

Among the tree-based ensemble methods, CatBoost achieved a more balanced error 

distribution by correctly identifying 28 turnover cases while maintaining a lower number 

of false negatives than LightGBM and XGBoost. LightGBM and XGBoost generated 

relatively few false positives but still failed to detect most employees who eventually 

left the organization, suggesting that maximizing specificity alone is insufficient for 

highly imbalanced HR datasets. 

 

From a managerial perspective, false negatives are generally more critical than false 

positives because employees at genuine risk of leaving remain unidentified and therefore 

do not receive timely retention interventions. Conversely, false positives may result in 

unnecessary retention efforts but still provide opportunities for proactive employee 

engagement. Consequently, organizations should prioritize predictive models capable of 

reducing false negatives while maintaining an acceptable level of false positives, 

depending on the operational costs associated with retention programs. 

 

3.4. Effect of Decision Threshold Adjustment 

To investigate the influence of the decision threshold on minority-class detection, the 

threshold analysis was performed using the best-performing cost-sensitive (class-

balanced) models rather than all evaluated algorithms. This design was intentionally 
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adopted to isolate the effect of threshold adjustment from the influence of different 

class imbalance handling techniques. Since resampling methods (SMOTEENN, ADASYN, 

and Tomek Links) alter the training data distribution, simultaneously comparing different 

resampling strategies and decision thresholds would confound the interpretation of the 

threshold effect. Therefore, only the cost-sensitive models were selected because they 

preserve the original data distribution while addressing class imbalance through class 

weighting, allowing the observed performance changes to be attributed solely to the 

modification of the decision threshold. Among the evaluated algorithms, Logistic 

Regression, XGBoost, LightGBM, and CatBoost were selected because they consistently 

demonstrated superior discrimination performance under the cost-sensitive learning 

strategy compared with the remaining algorithms. The remaining algorithms (SVM, MLP, 

and Random Forest) were not included in the threshold comparison because they 

consistently exhibited near-zero sensitivity under the cost-sensitive setting, indicating 

limited capability for detecting the minority class. Consequently, threshold adjustment 

on these models was considered unlikely to provide additional practical insight beyond 

that already demonstrated by the selected models. 

 

To further investigate whether the default decision threshold affected minority-class 

detection, the four best-performing cost-sensitive models (Logistic Regression, XGBoost, 

LightGBM, and CatBoost) were evaluated using decision thresholds of 0.50 and 0.60. As 

presented in Table 7, modifying the decision threshold did not alter ROC-AUC or PR-AUC 

because both metrics are threshold-independent and are computed directly from 

prediction probabilities. However, threshold adjustment substantially affected threshold-

dependent performance measures, particularly sensitivity, specificity, balanced accuracy, 

MCC, and G-Mean. 

 

A consistent trade-off between sensitivity and specificity was observed across all 

evaluated models. Increasing the decision threshold from 0.50 to 0.60 generally increased 

specificity while simultaneously reducing sensitivity. For example, the LightGBM model 

exhibited an increase in specificity from 0.8927 ± 0.0224 to 0.9405 ± 0.0152, whereas 

sensitivity declined from 0.1516 ± 0.0521 to 0.1000 ± 0.0366. A similar pattern was 

observed for CatBoost, where specificity increased from 0.7472 to 0.9385 but sensitivity 

decreased markedly from 0.2645 to 0.0871. Logistic Regression demonstrated the most 

pronounced reduction in sensitivity, decreasing from 0.5097 to 0.1484 as the threshold 
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increased, accompanied by a substantial improvement in specificity from 0.5560 to 

0.8642. Comparable behaviour was also evident in XGBoost, although the changes were 

less pronounced. 

 

The results indicate that a higher decision threshold effectively reduces false-positive 

predictions by imposing a stricter criterion for classifying employees as being at risk of 

turnover. Nevertheless, this improvement comes at the expense of substantially lower 

sensitivity, implying that a greater proportion of employees who are genuinely at risk of 

leaving would remain undetected. In the context of employee turnover prediction, false 

negatives generally have more serious organizational consequences than false positives 

because failing to identify employees who are likely to leave prevents timely retention 

interventions, potentially leading to increased recruitment costs, productivity loss, and 

organizational knowledge depletion. Overall, although threshold 0.60 produced higher 

specificity and, in several cases, slightly improved MCC, threshold 0.50 consistently 

provided better sensitivity, G-Mean, and balanced minority-class recognition across the 

evaluated models. Therefore, the default threshold of 0.50 was considered more 

appropriate for the proposed early-warning HR analytics framework, where maximizing 

the identification of employees at risk of turnover is more valuable than minimizing 

unnecessary retention interventions. 

 

Table 7. Effect of Decision Threshold Adjustment on the Performance of the Selected 

Cost-Sensitive Machine Learning Models 
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Logistic 

Regression 

0.5 

0.5453 

± 

0.0440 

0.1601 

± 

0.0237 

0.5328 ± 

0.0374 

0.5097 ± 

0.0761 

0.5560  

±  

0.0348 

0.0453 

± 

0.0516 

0.5301 

± 

0.0401 

0.6 

0.5453 

± 

0.0440 

0.1601 

± 

0.0237 

0.5063 ± 

0.0356 

0.1484 ± 

0.0664 

0.8642  

±  

0.0235 

0.0118 

± 

0.0723 

0.3473 

± 

0.0877 

XGBoost 0.5 

0.5612 

± 

0.0421 

0.1789 

± 

0.0341 

0.5068 ± 

0.0167 

0.0903 ± 

0.0281 

0.9232 ± 

0.0206 

0.0194 

± 

0.0440 

0.2853 

± 

0.0442 
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G
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n  

0.6 

0.5612 

± 

0.0421 

0.1789 

± 

0.0341 

0.5088 ± 

0.0148 

0.0710 ± 

0.0281 

0.9466 ± 

0.0175 

0.0286 

± 

0.0453 

0.2539 

± 

0.0511 

LightGBM 

0.5 

0.5831 

± 

0.0472 

0.1930 

± 

0.0442 

0.5221 ± 

0.0303 

0.1516 ± 

0.0521 

0.8927 ± 

0.0224 

0.0499 

± 

0.0685 

0.3629 

± 

0.0622 

0.6 

0.5831 

± 

0.0472 

0.1930 

± 

0.0442 

0.5202 ± 

0.0192 

0.1000 ± 

0.0366 

0.9405 ± 

0.0152 

0.0570 

± 

0.0569 

0.3009 

± 

0.0589 

CatBoost 

0.5 

0.5775 

± 

0.0437 

0.1836 

± 

0.0271 

0.5059 ± 

0.0388 

0.2645 ± 

0.0573 

0.7472 ± 

0.0277 

0.0102 

± 

0.0620 

0.4423 

± 

0.0549 

0.6 

0.5775 

± 

0.0437 

0.1836 

± 

0.0271 

0.5128 ± 

0.0185 

0.0871 ± 

0.0324 

0.9385 ± 

0.0180 

0.0383 

± 

0.0540 

0.2805 

± 

0.0553 

 

3.5. Comparative Analysis of Cost-Sensitive Learning and Resampling Strategies 

For consistency, the comparison presented in this section was performed using the 

default decision threshold of 0.50. This threshold was selected because the analysis in 

Section 4.4 demonstrated that it provided a more favorable balance between sensitivity 

and specificity for employee turnover prediction. Consequently, fixing the decision 

threshold at 0.50 allows the observed differences to be attributed solely to the imbalance 

handling strategy rather than to changes in the classification threshold. 

 

The comparison between cost-sensitive learning and data-level resampling techniques 

revealed distinct characteristics in handling the class imbalance problem. Unlike 

resampling methods, which modify the class distribution by generating synthetic minority 

samples (ADASYN), combining over- and under-sampling (SMOTEENN), or removing 

borderline majority samples (Tomek Links), cost-sensitive learning preserves the original 

data distribution by assigning higher misclassification costs to minority-class 

observations during model training. Consequently, any performance improvement 
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achieved by cost-sensitive learning can be attributed to changes in the optimization 

objective rather than to alterations in the training data. 

 

The cross-validation results indicate that the Balanced (class-weighted) strategy 

generally produced a more balanced classification performance than the original models. 

Compared with the baseline models trained on the original imbalanced dataset, cost-

sensitive learning consistently improved sensitivity and balanced accuracy across several 

algorithms while maintaining relatively high specificity. For example, Logistic Regression 

exhibited the largest improvement in minority-class detection, with sensitivity increasing 

from 0.0000 under the original setting to 0.5097 under the Balanced strategy. Similarly, 

LightGBM increased sensitivity from 0.0323 to 0.1516 while simultaneously achieving the 

highest balanced accuracy (0.5221) and one of the highest MCC values (0.0499) among 

the evaluated cost-sensitive models. These findings demonstrate that incorporating class 

weights enables the learning algorithm to pay greater attention to minority-class 

instances without modifying the original data distribution. 

 

In contrast, the resampling techniques generally favored minority-class detection by 

increasing sensitivity, particularly when SMOTEENN was applied. For instance, XGBoost 

combined with SMOTEENN achieved the highest sensitivity (0.3258) among the tree-

based models evaluated under the resampling scenarios. However, this improvement was 

accompanied by a noticeable reduction in specificity, indicating an increased number of 

false-positive predictions. Similar patterns were observed across other algorithms, 

suggesting that aggressive resampling strategies improve the identification of 

employees at risk of turnover but may also increase the likelihood of incorrectly 

identifying employees who would actually remain in the organization. 

 

These findings highlight the fundamental trade-off between algorithm-level and data-

level imbalance handling approaches. Cost-sensitive learning tends to provide a more 

balanced compromise between sensitivity and specificity while preserving the original 

characteristics of the dataset, whereas resampling methods generally prioritize minority-

class detection at the expense of reduced specificity. From a practical HR analytics 

perspective, the choice of imbalance handling strategy should therefore be aligned with 

organizational objectives. If the primary goal is to maximize the early identification of 

employees at risk of leaving, resampling techniques such as SMOTEENN may be 
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preferable despite the increase in false-positive predictions. Conversely, if maintaining 

prediction stability and minimizing unnecessary retention interventions are considered 

more important, cost-sensitive learning represents a more suitable alternative because 

it improves minority-class recognition without altering the underlying data distribution. 

Overall, the experimental results suggest that no single imbalance handling strategy is 

universally superior across all evaluation criteria. Instead, the effectiveness of each 

approach depends on the specific performance objective being prioritized. This 

observation reinforces the importance of evaluating multiple imbalance handling 

strategies using complementary performance metrics rather than relying solely on 

overall discrimination measures such as ROC-AUC, particularly in highly imbalanced 

employee turnover prediction problems. 

Figure 2. Trade-off between sensitivity and specificity achieved by cost-sensitive 

learning and resampling strategies for employee turnover prediction. 

 

Figure 2 provides a visual comparison of the trade-off between sensitivity and specificity 

obtained using cost-sensitive learning and data-level resampling techniques. A consistent 

pattern can be observed across the evaluated algorithms, where resampling methods 

generally increase sensitivity while simultaneously reducing specificity. In contrast, the 

cost-sensitive (Balanced) strategy produces a more balanced relationship between these 

two metrics by improving minority-class detection without substantially sacrificing the 

correct identification of majority-class instances. This behaviour is particularly evident in 

LightGBM and Logistic Regression, where class-weighted learning yields noticeable 
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improvements in sensitivity while maintaining relatively high specificity. Conversely, the 

SMOTEENN strategy achieves the highest sensitivity for several models but also 

introduces a greater number of false-positive predictions due to the corresponding 

decline in specificity. These observations reinforce that the choice of imbalance handling 

strategy should be guided by the intended application. In employee turnover prediction, 

where missing employees who are genuinely at risk of leaving may have greater 

organizational consequences than unnecessarily identifying employees who eventually 

remain, improving sensitivity is often more valuable than maximizing specificity alone. 

  

Figure 3 further compares the imbalance handling strategies using Balanced Accuracy 

and Matthews’ Correlation Coefficient (MCC), two metrics that are particularly 

informative for imbalanced classification problems because they simultaneously consider 

the performance on both the majority and minority classes. As illustrated in Figure 3(A), 

the cost-sensitive (Balanced) strategy consistently achieved the highest or among the 

highest Balanced Accuracy values across most algorithms, particularly for Logistic 

Regression, LightGBM, and CatBoost. This finding indicates that class-weighted learning 

provides a more balanced trade-off between sensitivity and specificity without modifying 

the original data distribution. 

 

 
Figure 3. Comparison of Balanced Accuracy and Matthews Correlation Coefficient 

Across Cost-Sensitive Learning and Resampling Strategies (Threshold = 0.50). 

 

A similar pattern is observed for MCC in Figure 3(B). The Balanced strategy generally 

produced positive MCC values across the evaluated algorithms and achieved the highest 
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MCC for LightGBM and CatBoost among the cost-sensitive models. Because MCC 

summarizes all four components of the confusion matrix (true positives, true negatives, 

false positives, and false negatives), these results suggest that cost-sensitive learning 

yields a more reliable overall classification performance than the original models and 

several resampling strategies. 

 

In contrast, the ADASYN strategy frequently produced lower MCC values and even 

negative MCC values for some algorithms, indicating that the increase in minority-class 

recognition was not always accompanied by improved overall classification quality. 

SMOTEENN occasionally improved Balanced Accuracy and MCC for certain models, but 

its performance was less stable across algorithms. Overall, Figure 3 supports the 

conclusion that cost-sensitive learning offers the most consistent and balanced 

performance for employee turnover prediction, whereas aggressive resampling methods 

tend to prioritize minority-class detection at the expense of overall classification 

stability. These findings also support the motivation for employing class-weighted 

learning as an alternative to data-level resampling in HR analytics, where maintaining a 

balance between employee retention opportunities (high recall) and unnecessary 

retention interventions (false positives) is operationally more valuable than maximizing 

overall discrimination alone. 

 

3.6. Explainable AI Analysis Using SHAP 

Although no single classifier consistently achieved the highest performance across all 

evaluation metrics, the SHAP analysis was performed using the LightGBM model with 

cost-sensitive learning (class_weight = "balanced"). This model was selected based on 

methodological and practical considerations rather than solely on its ROC-AUC value. The 

experimental results demonstrated that the original LightGBM model produced the 

highest ROC-AUC and PR-AUC values but exhibited relatively low sensitivity, indicating 

that many employees who were genuinely at risk of turnover remained undetected. In 

contrast, the cost-sensitive Logistic Regression model substantially improved sensitivity 

but generated considerably more false-positive predictions. Since employee turnover 

prediction inherently involves a trade-off between identifying employees at risk (recall) 

and minimizing unnecessary retention interventions (false positives), the LightGBM model 

with cost-sensitive learning was considered to provide the most appropriate balance 

between discrimination capability and minority-class recognition. Consequently, this 
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model was selected as the representative classifier for explainability analysis because its 

predictions better reflect the practical decision-making requirements encountered in HR 

analytics. 

 

Figure 4 presents the SHAP summary plot of the selected LightGBM model. The SHAP 

summary plot provides a global interpretation of the model by ranking predictor variables 

according to their average absolute contribution to the prediction. Features positioned 

at the top of the figure have the greatest overall influence on the prediction of employee 

turnover. Each point represents an individual employee observation, while the horizontal 

axis indicates the SHAP value, reflecting the contribution of a feature toward increasing 

or decreasing the predicted turnover probability. Positive SHAP values indicate that a 

feature increases the likelihood of employee turnover, whereas negative values reduce 

the predicted turnover risk. The color gradient represents the original feature values, 

with blue indicating relatively low values and red indicating relatively high values. 

 

 
Figure 4. SHAP Summary Plot of the Cost-Sensitive LightGBM Model for Employee 

Turnover Prediction 
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The SHAP analysis reveals that Department Type is the most influential predictor of 

employee turnover. The wide distribution of SHAP values suggests that turnover risk 

varies substantially across organizational departments, indicating that the work 

environment, managerial practices, career opportunities, and operational workload differ 

considerably between departments. Certain departments consistently contribute to 

higher turnover probabilities, whereas others are associated with greater employee 

retention. This finding suggests that retention strategies should be tailored to 

departmental characteristics rather than implemented uniformly across the organization. 

The second most influential feature is Current Employee Rating, indicating that employee 

performance evaluations play an important role in turnover prediction. Employees with 

particular performance ratings contribute more strongly to turnover predictions, 

suggesting that performance appraisal outcomes are closely associated with employees' 

decisions to remain within or leave the organization. This result implies that organizations 

should not only monitor employee performance but also investigate the underlying 

organizational factors associated with different performance levels, including career 

advancement opportunities, workload allocation, managerial support, and employee 

recognition. 

 

Among the training-related variables, Training Cost, Training Outcome, Training Duration, 

Training Date, and Training Type collectively contribute to the prediction, although their 

individual effects are smaller than those of organizational and performance-related 

variables. Interestingly, Training Cost appears among the most influential variables, 

indicating that investment in employee development may be associated with subsequent 

turnover behaviour. However, the bidirectional distribution of SHAP values suggests that 

higher training investment does not universally reduce turnover risk. Instead, the impact 

of training depends on the broader organizational context, implying that employee 

development initiatives should be accompanied by effective retention policies to 

maximize their long-term benefits. 

 

Employee demographic characteristics also contribute to the predictive model. Age ranks 

among the most influential variables, demonstrating substantial variability in its SHAP 

distribution. The presence of both positive and negative SHAP values indicates that the 

relationship between age and turnover is nonlinear, suggesting that different age groups 

exhibit different turnover tendencies rather than following a simple monotonic pattern. 
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Similarly, Employee Type, Gender Code, Marital Status, and Race Description contribute 

to the prediction, although their overall importance is considerably lower than that of 

organizational and performance-related variables. These findings suggest that 

demographic variables provide complementary information but are not the primary 

drivers of employee turnover within the analyzed dataset. 

 

The SHAP results further indicate that employee perceptions, including Satisfaction 

Score, Engagement Score, and Work-Life Balance Score, consistently contribute to 

turnover prediction. Higher or lower values of these variables influence turnover 

probability in different directions depending on the interaction with other organizational 

factors, reflecting the complex nature of employee retention. Rather than acting 

independently, these psychological and behavioural variables appear to interact with 

departmental conditions, employee performance, and organizational policies. This 

observation is consistent with contemporary HR literature, which emphasizes that 

employee turnover arises from multidimensional interactions between organizational 

environment, individual perceptions, and career-related factors. 

 

Another important observation is that several variables exhibit relatively narrow SHAP 

distributions, such as Employee Classification Type, Training Date, and Training Type, 

indicating relatively small marginal contributions to the overall prediction. Nevertheless, 

their inclusion may still improve model performance through interactions with more 

influential predictors, illustrating the ability of ensemble learning algorithms such as 

LightGBM to capture complex nonlinear relationships among variables. Overall, the SHAP 

analysis demonstrates that employee turnover cannot be explained by a single dominant 

factor. Instead, the prediction is influenced by a combination of organizational 

characteristics, employee performance, training-related variables, demographic 

attributes, and employee perception indicators. These findings enhance the transparency 

of the proposed prediction model by identifying the variables that contribute most 

strongly to turnover risk while simultaneously providing actionable insights for HR 

practitioners. Rather than relying solely on predictive accuracy, organizations can use 

these explanations to design targeted retention strategies, optimize employee 

development programs, strengthen departmental management practices, and prioritize 

interventions for employees exhibiting higher predicted turnover risk. Consequently, the 

integration of cost-sensitive LightGBM with SHAP not only improves model 
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interpretability but also strengthens the practical applicability of machine learning in 

evidence-based human resource management. 

 

3.7. Discussion 

This study evaluated seven machine learning algorithms for employee turnover 

prediction under multiple class imbalance handling strategies, including cost-sensitive 

learning and data-level resampling. To provide a comprehensive assessment of predictive 

performance, model evaluation extended beyond conventional ROC-AUC by 

incorporating PR-AUC, Balanced Accuracy, Specificity, Matthews Correlation Coefficient 

(MCC), G-Mean, and Sensitivity. In addition, the influence of decision threshold adjustment 

was investigated to examine the trade-off between minority-class detection and false-

positive predictions. 

 

The experimental results demonstrate that no single machine learning algorithm 

consistently outperformed all competing models across every evaluation metric. 

Although the original LightGBM model achieved the highest discrimination performance 

in terms of ROC-AUC and PR-AUC, its ability to identify employees at risk of turnover 

remained limited because of relatively low sensitivity. In contrast, cost-sensitive learning 

consistently produced a more balanced compromise between sensitivity and specificity 

than data-level resampling while preserving the original data distribution. Threshold 

adjustment further demonstrated that improving minority-class detection inevitably 

increases false-positive predictions, highlighting the importance of selecting decision 

thresholds according to organizational priorities rather than relying solely on the default 

classification threshold. 

 

The SHAP analysis further enhanced the interpretability of the proposed framework by 

identifying Department Type, Current Employee Rating, Training Cost, Age, and employee 

perception variables as the most influential factors affecting employee turnover 

prediction. These findings provide valuable managerial insights by enabling HR 

practitioners to design more targeted retention strategies based on transparent and 

explainable machine learning predictions rather than relying exclusively on predictive 

accuracy. 
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This study contributes to the HR analytics literature by demonstrating that effective 

employee turnover prediction requires balancing discrimination capability, minority-class 

recognition, and prediction interpretability. Rather than optimizing a single evaluation 

metric, organizations should consider multiple complementary performance measures 

together with cost-sensitive learning and explainable artificial intelligence to support 

more reliable and actionable employee retention decisions.  

 

Despite these contributions, several limitations should be acknowledged. The dataset 

employed in this study was obtained from a publicly available Kaggle repository rather 

than directly from an operational human resource information system. Although this 

dataset has been widely adopted as a benchmark for employee turnover prediction, it 

likely represents a cleaned and standardized sample that may not fully capture the 

complexity, organizational heterogeneity, evolving workforce dynamics, and contextual 

factors observed in real organizational environments. Consequently, the external validity 

and generalizability of the proposed models should be interpreted with caution. 

Validation using proprietary organizational datasets collected from multiple industries 

would therefore provide stronger evidence of the robustness and practical applicability 

of the proposed framework. Future research should validate the proposed framework 

using real organizational datasets containing richer behavioral and longitudinal 

information while exploring advanced cost-sensitive optimization and explainable AI 

techniques to further improve predictive performance and practical applicability. 

 

4.  CONCLUSION 

 

This study evaluated seven machine learning algorithms for employee turnover 

prediction under multiple class imbalance handling strategies, including cost-sensitive 

learning and data-level resampling. To provide a comprehensive assessment of predictive 

performance, model evaluation extended beyond conventional ROC-AUC by 

incorporating PR-AUC, Balanced Accuracy, Specificity, Matthews Correlation Coefficient 

(MCC), G-Mean, and Sensitivity. In addition, the influence of decision threshold adjustment 

was investigated to examine the trade-off between minority-class detection and false-

positive predictions. The experimental results demonstrate that no single machine 

learning algorithm consistently outperformed all competing models across every 

evaluation metric. Although the original LightGBM model achieved the highest 
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discrimination performance in terms of ROC-AUC and PR-AUC, its ability to identify 

employees at risk of turnover remained limited because of relatively low sensitivity. In 

contrast, cost-sensitive learning consistently produced a more balanced compromise 

between sensitivity and specificity than data-level resampling while preserving the 

original data distribution. Threshold adjustment further demonstrated that improving 

minority-class detection inevitably increases false-positive predictions, highlighting the 

importance of selecting decision thresholds according to organizational priorities rather 

than relying solely on the default classification threshold. The SHAP analysis further 

enhanced the interpretability of the proposed framework by identifying Department 

Type, Current Employee Rating, Training Cost, Age, and employee perception variables as 

the most influential factors affecting employee turnover prediction. These findings 

provide valuable managerial insights by enabling HR practitioners to design more 

targeted retention strategies based on transparent and explainable machine learning 

predictions rather than relying exclusively on predictive accuracy. 
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