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Voluntary employee attrition is a major challenge in human resource
management, potentially leading to increased costs and reduced
productivity. This study aimed to develop a data-driven model for
predicting employee attrition and proposing retention strategies. The
research was applied in purpose and employed a mixed-methods design.
Data were collected from 831 employees of a technical and engineering
company in Tehran. After data cleaning and preprocessing, class imbalance
was addressed using the Synthetic Minority Over-sampling Technique
(SMOTE). Eight machine-learning algorithms were implemented to predict
employee attrition and evaluated using accuracy, recall, precision, and F1-
score metrics. The results indicated that the Random Forest algorithm
achieved the best performance, with an accuracy of 92%, a recall of 94%, and
an F1-score of 92%. The most influential factors affecting employee attrition
included monthly income, overtime hours, commuting distance between
employees’ residences and the organization, work experience, and
organizational unit. Furthermore, employee clustering enabled the
identification of distinct employee groups and the development of tailored
retention policies for each group. The findings demonstrate that integrating
attrition prediction with employee clustering can move beyond identifying
employees at risk of leaving toward data-driven and personalized
managerial interventions, providing a more actionable basis for human
resource retention decisions.
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1. Introduction

Human resources are among the most valuable
organizational assets because employees contribute
creativity, adaptability, knowledge, and innovation,
thereby supporting long-term organizational success
and competitive advantage (Punnoose & Ajit, 2016).
However, voluntary employee turnover remains a
major challenge, disrupting daily operations and
weakening the implementation of long-term
strategies (Colomo-Palacios et al., 2014). Beyond
recruitment and training expenses, employee
turnover may result in the loss of intellectual capital,
organizational knowledge, professional networks,
and valuable experience. Replacement costs may
reach approximately 50%-200% of an employee’s
annual salary, particularly in specialized and
knowledge-intensive positions (Hosseini & Moslemi,
2023; Najafi-Zangeneh et al., 2021; Boushey & Glynn,
2012).

The expansion of digital technologies and the Fourth
Industrial Revolution has encouraged organizations
to adopt data-driven human resource management.
Human resource information systems provide
extensive data that can reveal behavioral patterns,
employee dissatisfaction, and early indicators of
turnover intention (Angrave et al, 2016).
Consequently, HR analytics can replace intuition-
based decisions with evidence-based practices in
recruitment, compensation, training, performance
management, and employee retention (Pape, 2016).
In particular, predicting employee attrition before it
occurs allows organizations to implement timely
preventive interventions, whereas traditional tools
such as exit interviews and annual surveys are
largely reactive (Varian, 2018).

Machine-learning techniques, including Random
Forest, Support Vector Machines, neural networks,
and gradient-boosting algorithms, can identify
complex and nonlinear relationships among
demographic, occupational, performance, and
organizational variables (Vardarlier & Zafer, 2019).
Previous studies have highlighted salary, career
advancement, overtime, work-life  balance,
supervisory relationships, organizational culture,
and job satisfaction as important determinants of
turnover. Random Forest and gradient-boosting
models have also frequently demonstrated strong
predictive performance (Punnoose & Ajit, 2016;
Sisodia et al., 2017; Marvin et al., 2021). Nevertheless,
reliable implementation requires appropriate feature
selection, management of class imbalance,
prevention of overfitting, and the use of evaluation
measures such as recall, F1-score, and the area under
the ROC curve in addition to accuracy (Alduayj &
Rajpoot, 2018; Lazzari et al, 2022). Model
interpretability, employee privacy, and the ethical
use of predictive results are equally important
(Tambe et al., 2019).

Despite these developments, important gaps remain.
Many studies rely on public international datasets

and provide limited evidence from real Iranian
organizations. Furthermore, although previous
studies have extensively focused on comparing
prediction algorithms and identifying the
determinants of employee turnover, less attention
has been paid to translating prediction results into
managerial  interventions tailored to  the
characteristics and needs of different employee
groups. Similarly, while some studies have used
employee clustering to identify homogeneous
groups, the systematic integration of attrition-risk
prediction, employee segmentation, and group-
specific retention policies remains relatively
underexplored.

Accordingly, the main innovation of the present
study is an integrated approach that moves beyond
“attrition prediction” toward “managerial action.”
The  proposed framework  combines the
identification of attrition determinants, analysis of
real organizational data, comparison of eight
machine-learning  algorithms, and employee
clustering based on employees’ demographic, job-
related, performance-related, and attrition-risk
characteristics to develop tailored retention policies.
Thus, the study goes beyond merely identifying
employees at risk of leaving and provides a data-
driven basis for selecting appropriate retention
interventions for different employee groups.
Accordingly, this study seeks to identify the main
drivers of employee retention, predict future
turnover behavior, and support personalized human
resource strategies through the integration of
predictive analytics and clustering.

2. Methodology

This applied study developed a data-driven
framework for predicting employee attrition and
designing personalized retention policies. The
research process was structured according to the
CRISP-DM framework, which comprises business
understanding, data understanding, data
preparation, modeling, evaluation, and deployment.

2.1. Data Collection and Research Variables

The study used real HR data from a technical and
engineering company in Tehran, covering 831
employees over two years, including 110
leaversand 721 stayers. The original dataset
contained 24  explanatory variablesrelated to
demographic, job-related, and performance-related
factors, such as age, gender, commuting distance,
work experience, job position, overtime, income, and
performance score. Employee attrition was modeled
as a binary outcome: 1 for leavers and O for stayers.

2.2. Data Preprocessing

Data preparation followed four steps: First, duplicate
and non-informative variables were removed,
missing values were imputed using the mean or
mode, and 12 outliers were identified and excluded
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using boxplots and the interquartile range (IQR)
method. Second, numerical variables were
normalized to the[0,l]range wusing Min-Max
normalization. Third, the preprocessed data were
divided into training and testing subsets using
stratified random sampling with an 80:20 ratio.
Stratification was used to preserve, as far as possible,
the original distribution of attrition and non-
attrition cases in both subsets. Fourth, the SMOTE
was applied only to the training set to address class
imbalance, as attrition accounted for only 13% of the
observations. The test set was kept unchanged with
its original class distribution and was not subjected
to SMOTE. This sequence ensured that information
from the test set did not enter the model-training
process and thereby prevented data leakage and
provided an unbiased evaluation of model
performance.

2.3. Predictive Modeling and Evaluation

Eight machine-learning models were compared:
logistic regression, decision tree, random forest,
XGBoost, k-nearest neighbors, support vector
machine, naive Bayes, and artificial neural network.
Hyperparameters were tuned
using GridSearchCV with five-fold cross-validation,
while randomized search was used for XGBoost. The
neural network included three hidden layers with 64,
32, and 16 neurons, usingReLU activation and
the Adam optimizer. Model performance was
assessed on the test set using accuracy, precision,
recall, and Fl-score, with greater emphasis on recall
and Fl-score due to the cost of missing high-risk
attrition cases. Confusion matrices and ROC-
AUCwere also used to compare classification
performance.

2.4. Employee Clustering and Retention Policies

After selecting the best-performing predictive model,
employees  were segmented  using  the
unsupervised K-Means clustering algorithm. The
clustering variables included age, total work
experience, tenure in the current organization,
monthly income, overtime hours, business trips,
commuting distance, and performance score. These
variables were selected based on theoretical
considerations and feature-importance results
obtained from the predictive model, and were
normalized before clustering. The optimal number of
clusters was determined using the elbow method
and validated through the silhouette coefficient;
both procedures supported a four-cluster solution.
For each cluster, the mean values of the key
variables, the historical attrition rate, and the
average attrition probability predicted by the
selected model were calculated. Based on these
profiles, tailored retention policies were formulated
for each employee segment. This data-driven
segmentation enables organizations to design highly
targeted retention interventions that address the
unique risk profiles and needs of each employee
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group, thereby enhancing overall workforce stability
and reducing attrition more effectively than generic
strategies.

3. Results and Discussion

The study was conducted in a technical and
engineering company in Tehran using data from 831
employees over two years. After cleaning,
normalization, and SMOTE-based balancing, eight
machine-learning algorithms were compared for
employee attrition prediction. The results showed
that Random Forest performed best, achieving 92%
accuracy, 94% recall, 91% precision, and an F1-score
of 92%. This indicates strong capability in identifying
employees at risk of leaving, especially in terms of
minimizing false negatives, which is critical for
retention planning. Artificial Neural
Networks and XGBoost also showed strong
performance, while Naive Bayeshad the weakest
recall, suggesting limited effectiveness in detecting
actual attrition cases.

Feature-importance analysis of the Random Forest
model indicated that the most influential predictors
of attrition were monthly income, overtime hours,
commuting distance, total work experience, tenure
in the current company, organizational unit, and
performance score. These findings suggest that
turnover is shaped by a combination of financial,
workload, and contextual factors rather than a single
cause. This finding is consistent with previous
studies (Najafi-Zangeneh et al., 2021; Hosseini &
Moslemi, 2023; Hashemifard & Okhravi, 2025),
which have emphasized the role of organizational
and motivational factors in shaping employee
behavior.

To move beyond prediction, employees were
clustered using K-Means, and four distinct groups
were identified. The clusters represented: (1)
younger, lower-paid employees with high overtime
and high turnover risk; (2) mid-career employees
sensitive to career development opportunities; (3)
experienced, well-paid, and loyal employees with
low attrition risk; and (4) employees facing long
commuting distances and moderate to high turnover
risk. Based on these profiles, the study proposed
tailored retention policies for each group, such as
workload control, compensation review, career-path
development, flexible work arrangements, and
knowledge-retention strategies.

Overall, the findings show that combining predictive
modeling with clustering provides a more practical
and actionable basis for human resource decision-
making than prediction alone.

4. Conclusions

This study developed a data-driven framework for
improving employee retention by combining
machine-learning-based attrition prediction with
employee clustering. Among the eight evaluated
algorithms, Random Forest achieved the best overall
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performance, with 92% accuracy, 94% recall, and a
92% Fl-score. The main factors associated with
employee attrition were monthly income, overtime
hours, commuting distance, work experience, tenure,
and organizational unit.

The clustering analysis identified four employee
segments with different retention needs: young and
inexperienced employees, mid-career employees,
experienced and loyal employees, and employees
with long commuting distances. These findings
demonstrate that personalized retention policies are
more effective than uniform organizational
interventions.

Overall, the proposed framework can help
organizations move from reactive HR management
toward proactive, evidence-based decision-making.
Future research should use larger, longitudinal, and
multi-organizational datasets to validate and
improve the model.
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Figure 1. Importance of different features for prediction using the random forest algorithm.
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