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1. INTRODUCTION

Employee turnover remains a critical global issue in human resource management because
organizations are facing intensified talent mobility, post-pandemic changes in work expectations,
digital transformation, and increasing competition for skilled employees (Al Akasheh, Malik, et al.,
2024; Hom et al., 2017; Kiran et al., 2024). In this context, turnover is no longer viewed merely as
an administrative loss of employees, but as a strategic problem that affects organizational stability,
knowledge retention, service continuity, recruitment costs, and long-term workforce planning
(Marin Diaz et al., 2023; McCartney & Fu, 2022). The global shift toward data-driven management
has also changed how organizations understand turnover, because human resource decisions
increasingly require predictive evidence rather than intuition-based judgment (Hamilton &
Sodeman, 2020; Minbaeva, 2018; Van den Heuvel & Bondarouk, 2017). Therefore, employee
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turnover risk analysis has become an important managerial agenda for strengthening retention
strategies and maintaining sustainable organizational performance (Muhammad & Naz, 2022).

Previous studies in the last decade have shown that employee turnover is influenced by
multidimensional human resource factors, including job satisfaction, compensation, work
environment, workload, career development, employee engagement, and work-life balance
(Hassan, 2022; Kiran et al., 2024; Rubenstein et al., 2018). Al Akasheh et al. (2024) reviewed a
decade of research on machine learning techniques for employee turnover prediction and found
that predictive models have increasingly been used to identify employees who are likely to leave an
organization. Marin Diaz et al. (2023) demonstrated that explainable artificial intelligence can
support strategic HR decision-making by helping organizations understand the factors behind
employee attrition predictions. Kiran et al. (2024) also emphasized that HR analytics and attrition
management are closely connected to organizational performance because data-driven HR
interventions can improve retention and workforce effectiveness.

Although previous research has advanced the use of predictive analytics in turnover
studies, an important gap remains in translating model results into practical human resource
retention strategies (McCartney & Fu, 2022). Many studies still emphasize algorithmic comparison
and predictive accuracy, while the managerial meaning of recall, precision, false positives, and
false negatives for HR intervention is often insufficiently discussed (Levenson & Fink, 2017). This
gap is urgent because turnover data are commonly imbalanced, where employees who leave
represent a smaller but strategically important group that may be difficult to detect using accuracy-
oriented evaluation alone (Al Akasheh, Malik, et al., 2024). Consequently, employee turnover risk
analysis should be positioned not merely as a technical classification task, but as a decision-
support mechanism for identifying at-risk employees and designing more targeted retention
policies.

The practical gap addressed in this study lies in the limited connection between turnover
prediction outputs and the actual implementation of retention strategies in organizations. In many
HR analytics studies, prediction results are mainly reported through algorithmic performance
indicators such as accuracy, AUC, precision, and recall, but these indicators are not always
translated into concrete managerial actions. As a result, organizations may know which model
performs better statistically, yet still lack clear guidance on how prediction results should be used to
determine retention priorities, design intervention programs, or allocate HR resources efficiently.
This gap becomes more critical in turnover prediction because the employees who actually leave
often represent a minority class, while their departure may create substantial organizational
consequences, including knowledge loss, replacement costs, productivity disruption, and reduced
team stability. Therefore, predictive analytics should not stop at identifying turnover probability, but
should be interpreted as a decision-support mechanism that helps HR managers determine which
employees require further assessment, what type of retention intervention is needed, and how
organizational policies can be adjusted based on data-driven evidence.

The novelty of this study lies in its managerial orientation, where machine learning is used
as an HR analytics tool to strengthen data-driven human resource retention strategies rather than
as the final objective of the research (Margherita, 2022). This study does not only compare
predictive models, but also interprets the performance results from the perspective of turnover risk
identification, especially by focusing on the Attrition = Yes class as the main indicator of employees
who require retention attention (Minbaeva, 2018). By emphasizing accuracy, precision, recall, F1-
score, AUC, and confusion matrix interpretation, this study highlights the difference between
models that appear statistically strong and models that are managerially useful for early turnover
detection (McCartney & Fu, 2022). This approach contributes to the integration of HR analytics,
employee turnover risk assessment, and data-driven HR decision-making in the context of human
resource management (Fukui et al., 2023).

Based on this background, this study aims to analyze employee turnover risk and translate
predictive analytics results into data-driven human resource retention strategies (Marin Diaz et al.,
2023). The first research problem is how employee turnover risk can be identified using HR-related
variables such as demographic factors, job-related factors, compensation, satisfaction,
engagement, and career factors (Margherita, 2022). The second research problem is which
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predictive model provides the most relevant performance for supporting HR decision-making when
evaluation is interpreted through accuracy, precision, recall, F1-score, AUC, and confusion matrix
results (Cavescu & Popescu, 2025). The third research problem is how the results of turnover risk
modeling can be used to strengthen retention strategies through workload evaluation,
compensation review, career development, employee engagement, and work-life balance
management (Al Akasheh, Hujran, et al., 2024).

2. RESEARCH METHOD
Research Design

This study employed a quantitative research design with a predictive HR analytics
approach to analyze employee turnover risk and support data-driven human resource retention
strategies (McAbee et al., 2017). This design was selected because the study aimed to examine
measurable employee-related variables, identify turnover risk patterns, and evaluate the usefulness
of predictive modeling for managerial decision-making in human resource management. HR
analytics has increasingly been used to support evidence-based HR decisions because it enables
organizations to transform employee data into actionable insights for recruitment, retention,
performance management, and workforce planning. Recent studies also emphasize that predictive
analytics in HRM is valuable when the results are not only interpreted as statistical outputs but also
translated into practical managerial interventions for employee retention.

The purpose of this study was to analyze employee turnover risk and determine how
predictive model results can strengthen data-driven human resource retention strategies. The
research guestions addressed in this study were: how can employee turnover risk be identified
using HR-related variables, which model provides the most relevant performance for HR decision-
making, and how can turnover risk modeling results be interpreted to support employee retention
strategies.

Data Source and Human Resource Variables

This study used secondary data obtained from the IBM HR Analytics Employee Attrition
and Performance Dataset, which is publicly available through Kaggle. The dataset was designed to
explore factors associated with employee attrition, including job role, distance from home, monthly
income, education, job satisfaction, work-life balance, overtime, and attrition status. The dataset
contains 1,470 employee records and 35 initial attributes, with Attrition as the target variable
consisting of two classes: Yes for employees who experienced turnover and No for employees who
did not experience turnover.

The subject of this study was employee records contained in the dataset, while the object
of the study was employee turnover risk based on human resource variables. Since the study used
a public secondary dataset, the research location was not limited to a physical organization but was
positioned within a data-driven HR analytics research context. The sampling technique used was
total sampling, because all available employee records in the dataset were included in the analysis.

Table 1. Human resource variables used in the study

Variable Group Attributes

Demographic factors Age, Gender, MaritalStatus, Education, EducationField

Job-related factors Department, JobRole, JobLevel, BusinessTravel, DistanceFromHome

Compensation factors ~ Monthlylncome, DailyRate, HourlyRate, MonthlyRate, StockOptionLevel

Satisfaction factors JobSatisfaction, EnvironmentSatisfaction, RelationshipSatisfaction

Work engagement Joblnvolvement, WorkLifeBalance, OverTime

factors

Career factors TotalWorkingYears, YearsAtCompany, YearsinCurrentRole, YearsSinceLastPromotion,
YearsWithCurrManager

Target variable Attrition

The variable grouping in this study was based on human resource management theory and
employee turnover literature, which explain that attrition is influenced by individual characteristics,
job conditions, compensation, satisfaction, engagement, and career-related experiences.
Demographic factors describe employees’ personal backgrounds that may shape career
expectations, while job-related factors reflect work characteristics, organizational placement,
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mobility, and workload. Compensation factors represent financial and reward aspects, whereas
satisfaction factors indicate employees’ psychological evaluation of their work environment and
relationships. Work engagement factors capture involvement, work-life balance, and overtime
exposure, which are associated with commitment and potential burnout. Career factors reflect
tenure, promotion history, role duration, and managerial relationships as indicators of career
development and organizational attachment. Therefore, the variable classification was not arbitrary,
but was designed to connect dataset attributes with relevant HRM dimensions for turnover risk
analysis. The use of these variables is also consistent with prior attrition studies showing that
predictive HR models can support the identification of at-risk employees and improve retention and
workforce planning decisions.

Research Procedure

The research procedure was conducted systematically using RapidMiner to ensure that the
analysis could be replicated (Van den Heuvel & Bondarouk, 2017). The main workflow consisted of
seven stages: dataset input, attribute selection, nominal-to-binominal transformation, role
assignment, nominal-to-numerical conversion, cross-validation, and model evaluation. This
procedure was designed to ensure that the dataset was properly prepared before the turnover risk
modeling process was conducted.

(1) ® (3 0 (5 0 o
S @ b 23 -l -

HR Employee Attribute Neminal to Set Role Nominal to Cross Model

Attrition Selection Binominal Numerical Validation Evaluation
Dataset

Figure 1. Research workflow

The figure above represents the overall research workflow used in this study. The process
begins with importing the HR employee attrition dataset, followed by selecting relevant variables,
transforming the target variable, defining the label, converting categorical predictors into numerical
form, validating the model through cross-validation, and evaluating the model based on
classification performance. This process follows the general logic of predictive analytics, where
data preparation, model development, and evaluation are performed sequentially to generate
reliable decision-support outputs for HR management.

Data Preprocessing

Data preprocessing was conducted to ensure that the dataset was suitable for turnover risk
modeling. The first step was attribute selection by removing variables that did not provide
meaningful information for managerial interpretation or predictive analysis. Four attributes were
removed, namely EmployeeNumber, EmployeeCount, Overl8, and StandardHours.
EmployeeNumber was removed because it only functioned as an employee identifier, while
EmployeeCount, Overl8, and StandardHours were removed because they had constant values
and therefore did not contribute to differentiating employee turnover risk.

Table 2. Removed attributes in data preprocessing
Removed Attribute  Reason for Removal
EmployeeNumber  Employee identifier and not relevant for turnover risk interpretation

EmployeeCount Constant value
Overl8 Constant value
StandardHours Constant value

After attribute selection, the Attrition variable was transformed into a binominal variable and
assigned as the label. The Yes class represented employees who experienced turnover, while the
No class represented employees who did not experience turnover. Categorical predictor variables
such as BusinessTravel, Department, EducationField, Gender, JobRole, MaritalStatus, and
OverTime were converted into numerical form using dummy coding through the Nominal to
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Numerical operator. This step was necessary to ensure that all models could process the predictor
variables consistently.

Turnover Risk Modeling and Evaluation

Turnover risk modeling was conducted using four classification models: Naive Bayes,
Decision Tree, Random Forest, and Gradient Boosted Trees (Iparraguirre-Villanueva et al., 2024;
Krishna et al., 2022). These models were selected because they are frequently used in employee
attrition prediction and HR analytics studies, and each model provides different analytical strengths.
Naive Bayes was used as a baseline probabilistic model (Zhang, 2016), Decision Tree was used
because of its interpretability (Zhao et al., 2021), Random Forest was used as an ensemble model
with stable predictive capability (Ignatenko et al., 2024), and Gradient Boosted Trees was used as
a boosting-based model to improve predictive performance through sequential learning. Studies on
employee turnover prediction show that machine learning models are increasingly used to identify
attrition risk and support employee retention decisions.

Model evaluation was conducted using 10-fold cross-validation to test model performance
more reliably across different training and testing partitions. The evaluation metrics included
accuracy, precision, recall, F1-score, AUC, and confusion matrix because predictive HR studies
require evaluation measures that can capture both overall model performance and the ability to
detect actual turnover cases (Iparraguirre-Villanueva et al., 2024). Since the purpose of this study
was to identify employees at risk of turnover, the interpretation of precision, recall, and F1-score
focused on the Attrition = Yes class. This focus is important because, in human resource
management, failing to detect employees who are actually at risk of leaving may reduce the
effectiveness of retention interventions.

Table 3. Model evaluation metrics

Metric Function in This Study

Accuracy Measures overall prediction correctness

Precision Measures the correctness of turnover-risk predictions

Recall Measures the ability to detect actual turnover cases

F1-score Balances precision and recall for turnover-risk identification

AUC Measures the model’s ability to distinguish turnover and non-turnover cases

Confusion matrix  Identifies true positive, false positive, false negative, and true negative cases

The best model was selected not only based on accuracy but also on its managerial
relevance for HR decision-making (Wang, 2024). In this study, a useful turnover risk model was
defined as a model that could provide a balanced ability to identify employees at risk while
minimizing misleading predictions. Therefore, model interpretation emphasized how predictive
outputs could support data-driven retention strategies, including workload evaluation,
compensation review, career development planning, employee engagement programs, and work-
life balance management (Tessema, 2025).

3. RESULTS AND DISCUSSIONS
Employee Attrition Distribution

The first stage of the results focuses on the distribution of employee attrition as the basis
for understanding turnover risk in the dataset. The IBM HR Analytics Employee Attrition and
Performance dataset used in this study consists of 1,470 employee records, with the target variable
classified into two categories: employees who experienced turnover and employees who did not
experience turnover. The distribution shows that 1,233 employees, or 83.88% of the total data,
were categorized as Attrition = No, while 237 employees, or 16.12%, were categorized as Attrition
= Yes. This pattern indicates that the dataset is imbalanced, as the number of employees who
remained in the organization is substantially higher than the number of employees who left.

Table 4. Distribution of employee attrition
Attrition Status  Number of Employees  Percentage

No 1,233 83.88%
Yes 237 16.12%
Total 1,470 100.00%
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The imbalance in employee attrition distribution has important implications for turnover risk
analysis. From a managerial perspective, the smaller proportion of employees who experienced
turnover does not reduce the strategic importance of this group. Instead, it highlights the need for a
more careful analytical approach because employees who leave the organization represent a
critical risk group related to recruitment costs, productivity disruption, knowledge loss, and retention
planning. If model evaluation only relies on overall accuracy, the analysis may be biased toward
the majority class, namely employees who did not experience turnover. Therefore, this study
interprets model performance by paying special attention to the Attrition = Yes class.

This distribution also supports the relevance of data-driven HR decision-making. Since
turnover cases represent only 16.12% of the dataset, human resource managers need predictive
tools that can help detect employees at risk more systematically. The attrition distribution becomes
the empirical foundation for the next analysis stage, where several predictive models are evaluated
not only based on general accuracy but also based on their ability to identify actual turnover cases
through precision, recall, F1-score, AUC, and confusion matrix interpretation.

Turnover Risk Model Performance

The second stage of the results presents the performance comparison of four predictive
models used to identify employee turnover risk, namely Naive Bayes, Decision Tree, Random
Forest, and Gradient Boosted Trees (Chen et al.,, 2021). The evaluation was interpreted by
focusing on the Attrition = Yes class because the main objective of this study is to identify
employees who are at risk of leaving the organization. Therefore, precision, recall, and F1-score
were calculated based on the turnover class, while accuracy and AUC were reported from the
model evaluation results in RapidMiner.

Table 5. Turnover risk model performance

Model Accuracy  Precision  Recall Fl-score AUC
Naive Bayes 68.71% 30.87% 75.95% 43.91% 0.763
Decision Tree 83.61% 45.83% 9.28% 15.42% 0.631
Random Forest 84.42% 68.18% 6.33% 11.59% 0.795

Gradient Boosted Trees  84.49% 52.04% 48.52% 50.22% 0.796

The results show that each model produced different performance characteristics,
confirming that employee turnover prediction should not be assessed only through accuracy but
also through metrics that reflect the ability to detect the turnover class (Al Akasheh, Malik, et al.,
2024). Naive Bayes achieved the highest recall of 75.95%, indicating that this model was the most
sensitive in detecting employees who actually experienced turnover. However, its precision was
only 30.87%, meaning that many employees predicted as turnover risks were actually non-turnover
employees. This pattern suggests that Naive Bayes is useful as an early warning model, but less
precise for targeted HR intervention.

Decision Tree and Random Forest produced high accuracy values of 83.61% and 84.42%,
respectively. However, both models showed very low recall for the turnover class, at 9.28% and
6.33%. This indicates that although these models performed well in recognizing the majority class,
namely non-turnover employees, they were less effective in detecting actual turnover cases. In the
context of HR decision-making, this is problematic because the failure to identify at-risk employees
may reduce the effectiveness of retention strategies.

Gradient Boosted Trees produced the most balanced performance, with the highest
accuracy of 84.49%, the highest F1-score of 50.22%, and the highest AUC of 0.796. Although its
recall was lower than Naive Bayes, Gradient Boosted Trees provided a better balance between
precision and recall. Therefore, this model is more relevant for supporting data-driven HR decision-
making because it can identify turnover risk more proportionally while reducing the tendency
toward excessive false predictions.

Selection of the Most Relevant Model for HR Decision-Making

The selection of the most relevant model in this study was not determined solely by the
highest accuracy, but by the model's ability to support human resource decision-making in
identifying employees at risk of turnover (Levenson & Fink, 2017). In the context of employee
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retention, a model with high accuracy may still be less useful if it fails to detect employees who
actually experience turnover. Therefore, the interpretation of model performance emphasized the
balance between accuracy, precision, recall, F1-score, and AUC, especially for the Attrition = Yes
class.

Based on the model performance results, Gradient Boosted Trees was selected as the
most relevant model for HR decision-making. This model achieved the highest accuracy of 84.49%,
the highest F1-score of 50.22%, and the highest AUC of 0.796. Although Naive Bayes produced
the highest recall of 75.95%, its precision was only 30.87%, indicating that many employees
predicted as at risk of turnover were actually not turnover cases. This condition may lead HR
managers to allocate retention interventions too broadly and less efficiently.

Decision Tree and Random Forest showed high accuracy values of 83.61% and 84.42%,
respectively, but their recall values for the turnover class were very low. Decision Tree only
reached 9.28% recall, while Random Forest only reached 6.33% recall. These findings indicate that
both models were less effective in identifying employees who actually experienced turnover. From
a managerial perspective, this is risky because employees who should receive early retention
attention may not be detected by the system.

Table 6. Basis for selecting the most relevant model for HR decision-making

Model Main Strength Main Limitation  HR Decision-Making Relevance

Naive Bayes Highest recall Low precision Useful for early screening

Decision Tree High accuracy Very low recall  Limited for turnover detection

Random Forest Highest precision Very low recall ~ Too conservative in identifying turnover

Gradient Boosted Trees  Most balanced performance  Moderate recall  Most relevant for retention strategy

Thus, Gradient Boosted Trees was considered the most relevant model because it
provided a more balanced performance for turnover risk identification. For HR managers, this
balance is important because retention strategies require not only the ability to detect employees at
risk, but also reasonable precision to avoid unnecessary or misdirected interventions.

Confusion Matrix Analysis of Turnover Risk

The confusion matrix analysis was conducted on the selected model, namely Gradient
Boosted Trees, to evaluate how well the model identified employees who were at risk of turnover.
Since the main focus of this study is the Attrition = Yes class, the interpretation emphasizes the
model’s ability to correctly detect employees who actually experienced turnover and the potential
managerial risk of incorrect predictions.

Table 7. Confusion matrix of gradient boosted trees
Actual / Predicted  Predicted Yes Predicted No
Actual Yes 115 122
Actual No 106 1127

Based on Table 7, the Gradient Boosted Trees model correctly classified 115 employees
who actually experienced turnover as Predicted Yes. These cases represent true positive
predictions, meaning that the model successfully detected employees who were at risk of leaving.
The model also correctly classified 1,127 employees who did not experience turnover as Predicted
No, indicating strong capability in identifying retained employees.

However, the model produced 122 false negative cases, where employees who actually
experienced turnover were predicted as not at risk. From a human resource management
perspective, this is an important concern because false negative cases represent employees who
may not receive early retention intervention. The model also produced 106 false positive cases,
where employees who did not leave were predicted as having turnover risk. Although false
positives may lead to broader HR monitoring, they are generally less harmful than false negatives
because they still allow managers to provide preventive engagement, workload evaluation, or
career support.
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Figure 2. Confusion matrix visualization of gradient boosted trees

Overall, the confusion matrix indicates that Gradient Boosted Trees provides a balanced
foundation for turnover risk analysis. The model is not perfect in detecting all turnover cases, but it
offers useful information for prioritizing HR attention and supporting data-driven retention
strategies.

Managerial Implications for Data-Driven Retention Strategy

The findings provide managerial implications for strengthening employee retention
strategies through a data-driven HR approach. The selection of Gradient Boosted Trees shows that
turnover risk analysis should be interpreted not only as a technical prediction result, but also as a
managerial tool for identifying employees who require early attention. With 84.49% accuracy,
50.22% F1-score, 0.796 AUC, and 48.52% recall, the model offers a balanced basis for HR
decision-making, although it can detect only nearly half of actual turnover cases. Therefore,
predictive analytics should function as an early warning system rather than the sole basis for
retention decisions. Employees predicted as high risk should be prioritized for targeted
interventions such as workload evaluation, engagement surveys, career discussions,
compensation review, and work-life balance support. At the same time, employees not flagged by
the model should still be monitored through routine HR practices. Thus, predictive analytics should
strengthen, not replace, managerial judgment, while HR managers remain responsible for
validating model results and designing interventions according to organizational context.

From a retention strategy perspective, the model’'s results suggest that HR managers need
to pay close attention to employees predicted as having turnover risk. These employees can be
prioritized for further assessment through employee engagement surveys, workload evaluation,
career discussions, compensation review, and work-life balance monitoring, as retention strategies
are strongly connected to HR practices, compensation systems, employee experience, and career
development opportunities (Hassan, 2022). The existence of 115 true positive cases indicates that
predictive analytics can help identify employees who are actually at risk of turnover, allowing HR
departments to design preventive interventions before resignation occurs.

However, the 122 false negative cases also show that predictive models should not
replace managerial judgment. Employees who are not detected as at risk may still experience
dissatisfaction, career stagnation, excessive workload, or lack of organizational attachment.
Therefore, turnover risk modeling should be integrated with regular HR monitoring, supervisor
feedback, and employee development programs. In this context, data-driven retention strategy
means using predictive results as an early warning system while maintaining human-centered
decision-making. The findings support the view that HR analytics can strengthen retention
management by helping organizations allocate retention efforts more systematically, efficiently, and
strategically.

Discussion

The findings of this study confirm that employee turnover risk analysis should not be
interpreted merely through overall model accuracy, but through the model’s ability to support
meaningful HR decision-making. The distribution of the dataset shows that employees who
experienced turnover represented only 16.12% of the total sample, while employees who did not
experience turnover represented 83.88%. This imbalance explains why several models obtained
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high accuracy but showed weak ability to detect actual turnover cases. In the context of human
resource management, this finding is important because the minority class, namely employees who
leave, is precisely the group that requires greater managerial attention.

The comparison of model performance shows that Naive Bayes achieved the highest recall
for the turnover class at 75.95%, indicating strong sensitivity in detecting employees who actually
experienced turnover. However, its precision was only 30.87%, which means that the model
produced many false alarms. This finding suggests that Naive Bayes can be useful as an early
screening tool, but may be less efficient for targeted retention intervention. In contrast, Decision
Tree and Random Forest produced higher accuracy values of 83.61% and 84.42%, but their recall
values for turnover cases were very low, at 9.28% and 6.33%. This confirms that high accuracy
does not always reflect managerial usefulness in turnover risk analysis, especially when the model
tends to classify most employees into the majority non-turnover class.

The selection of Gradient Boosted Trees as the most relevant model is supported by its
balanced performance. The model achieved 84.49% accuracy, 52.04% precision, 48.52% recall,
50.22% F1-score, and 0.796 AUC. Although its recall was lower than Naive Bayes, it provided a
better balance between detecting actual turnover cases and reducing inaccurate risk predictions.
This balance is essential for HR managers because retention strategies require both early
detection and efficient allocation of organizational resources. The confusion matrix also shows that
the model correctly identified 115 turnover cases and 1,127 non-turnover cases, but still missed
122 employees who actually experienced turnover. These false negative cases should become a
key concern because they represent employees who may leave without being detected by the HR
system.

These results are consistent with previous studies emphasizing that HR analytics and
predictive modeling can strengthen data-driven HR decision-making when interpreted beyond
technical performance metrics. The contribution of this study lies in connecting predictive turnover
analysis with managerial retention implications, consistent with the view that HR analytics should
generate actionable business and human capital insights rather than merely statistical outputs
(Hamilton & Sodeman, 2020). Rather than positioning machine learning as the final objective, this
study uses the model results as a basis for identifying retention priorities, such as workload
evaluation, compensation review, career development, employee engagement, and work-life
balance improvement. Therefore, data-driven retention strategy should be understood as a
combination of predictive analytics and human-centered managerial judgment. This approach
enables HR departments to use data not only to predict turnover, but also to design more
proactive, targeted, and evidence-based retention interventions.

4. CONCLUSION

This study concludes that employee turnover risk analysis is a strategic foundation for
strengthening data-driven human resource retention strategies. Turnover should not be viewed
merely as the number of employees leaving the organization, but as a risk pattern reflected in
HRM-related variables such as job characteristics, compensation, satisfaction, work engagement,
tenure, and career development. Among the four models evaluated, Gradient Boosted Trees was
identified as the most relevant model for HR decision-making because it produced the most
balanced performance, with 84.49% accuracy, 52.04% precision, 48.52% recall, 50.22% F1-score,
and 0.796 AUC. These results indicate that high accuracy alone is insufficient if a model cannot
detect employees who are genuinely at risk of leaving. Practically, predictive analytics can help
organizations move from reactive retention practices toward proactive and evidence-based
interventions by prioritizing at-risk employees for workload evaluation, compensation review, career
development planning, engagement improvement, and work-life balance support. However, the
recall value also shows that predictive models should function as an early warning tool rather than
a single decision-making instrument. Therefore, HR managers should integrate predictive analytics
with regular monitoring, supervisor feedback, and human-centered judgment. This study
contributes by positioning predictive analytics as a managerial decision-support tool, although
future research should use actual organizational data, longitudinal designs, psychological
variables, and explainable Al methods to improve interpretability and practical relevance.
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