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Abstract: This study presents a clear machine learning approach to identify employees who might 

leave an organization or face layoffs. The main goal is to help human resource teams make informed 

decisions based on data. The model combines predictions of voluntary attrition and involuntary layoffs 

into one framework, analyzing various employee-related attributes like job performance, salary, and 

organizational factors. Before applying machine learning methods, the data undergoes careful 

preparation, including cleaning, transformation, and feature selection. Since real-world HR data often 

has imbalances, techniques such as SMOTE are used to ensure better model learning. The prediction 

system uses ensemble algorithms, including Random Forest and XGBoost, which help enhance 

reliability and performance. To make the system more transparent and trustworthy, it includes 

explainability methods like SHAP and LIME. These methods highlight the key factors behind each 

prediction, allowing HR professionals to understand the reasons for employee risk levels instead of 

relying on black-box outputs. The proposed system also features a user-friendly dashboard that 

displays predictions, risk scores, and key contributing factors in a visual format. This helps 

organizations take timely actions, such as improving employee engagement or planning workforce 

changes more effectively. Overall, the framework aims to balance predictive performance with clarity, 

helping organizations lower turnover costs and improve workforce stability. 
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INTRODUCTION 

Employee management has become one of the most critical challenges for modern organizations, 

especially with the increasing uncertainty in workforce stability. Two major issues that significantly 

impact organizations are employee attrition, where employees voluntarily leave their jobs, and layoffs, 

which are involuntary decisions made by organizations. Both scenarios lead to financial loss, reduced 

productivity, and disruption in organizational performance. As a result, there is a growing need for 

intelligent systems that can predict such events in advance and support better decision-making. 

Traditionally, human resource decisions have relied on experience, manual analysis, and periodic 

feedback mechanisms. However, these approaches are often reactive and may fail to identify potential 

risks early. With the availability of large-scale employee data, machine learning techniques provide an 

opportunity to analyze patterns and predict employee behavior more accurately. By considering factors 

such as performance, salary, job satisfaction, and work environment, predictive models can identify 

employees who are at higher risk of leaving or being laid off. In recent years, advanced machine learning 

models such as ensemble methods have shown strong performance in classification tasks. Algorithms 
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like Random Forest and XGBoost are capable of capturing complex relationships within data, making 

them suitable for workforce analytics. However, one major limitation of such models is their lack of 

transparency, often referred to as the “black-box” problem. This makes it difficult for HR professionals 

to trust and act upon the predictions without understanding the underlying reasons. In this paper, we 

propose an explainable machine learning framework that integrates both attrition and layoff prediction 

into a unified system. The framework includes data preprocessing, handling class imbalance using 

SMOTE, and applying ensemble learning techniques for accurate predictions.    

 

BACKGROUND 

Managing employees effectively has become increasingly challenging for organizations in today’s 

dynamic work environment. Two major workforce-related issues are employee attrition, where 

employees voluntarily leave their jobs, and layoffs, where organizations reduce workforce due to 

business or financial reasons. Both situations can negatively affect productivity, increase operational 

costs, and disrupt organizational stability. High attrition leads to loss of skilled employees and increased 

hiring costs, while layoffs can impact employee morale and long-term performance. Therefore, 

understanding and predicting these events is crucial for better workforce management. 

 

CHALLENGES 

Data Imbalance Problem: One of the major challenges in employee attrition and layoff prediction is 

the imbalance in data. In most organizations, only a small number of employees actually leave or get 

laid off, while the majority stay. This makes it difficult for machine learning models to correctly 

identify high-risk employees, as the model may become biased toward the majority class. Even though 

techniques like SMOTE are used to handle this issue, they may sometimes introduce noise or lead to 

overfitting if not applied carefully. 

 

Limited and Non-Generalized Datasets: Another challenge is the availability and quality of datasets. 

Many studies rely on synthetic or organization-specific data, which may not fully represent real-world 

scenarios across different industries or regions. As a result, models trained on such data may not perform 

well when applied to other organizations. This limits the generalization ability of the system and requires 

additional validation and retraining. 

 

Lack of Interpretability in Models: Many high-performing machine learning models, especially 

ensemble and deep learning models, often act as “black boxes.” This makes it difficult for HR 

professionals to understand why a particular employee is predicted to be at risk. Without clear 

explanations, it becomes challenging to trust and adopt these systems in real-world decision-making. 

This creates a need for explainable AI techniques, but integrating them effectively is still a challenge. 

 

Real World Implementation and Adoption Issues: Even if a model performs well technically, 

implementing it in real-world HR systems is not straightforward. Organizations require user-friendly 

dashboards, proper data integration, and secure handling of employee information. Additionally, HR 

decisions involve ethical considerations, and relying completely on automated predictions may not 

always be acceptable. Ensuring practical usability along with fairness and transparency remains a 

significant challenge. 

LIMITATIONS OF TRADITIONAL METHODS 

Traditional approaches to managing employee attrition and layoffs mainly rely on manual analysis, 

basic statistical techniques, and periodic feedback methods such as exit interviews or performance 

reviews. These methods are often reactive rather than proactive, meaning organizations usually 

identify issues only after employees decide to leave. They also fail to handle large and complex 

datasets effectively, making it difficult to capture hidden patterns and relationships among multiple 

factors like job satisfaction, salary, performance, and work environment. In many cases, decisions are 

influenced by subjective judgment rather than data-driven insights, which can lead to inconsistent or 

biased outcomes. Additionally, traditional methods lack predictive capability, preventing 

organizations from identifying at-risk employees in advance. This limits their ability to take timely 

actions such as improving employee engagement or planning workforce changes, ultimately affecting 

organizational productivity and stability. 
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SCOPE AND APPLICATIONS 

The scope of the proposed Explainable Machine Learning Framework for Employee Attrition and 

Layoff Prediction (2022–2025) involves developing a unified, data-driven system that integrates 

advanced preprocessing, class imbalance handling using SMOTE, and ensemble learning techniques 

such as Random Forest and Gradient Boosting. The framework is designed to analyze multidimensional 

HR data, including employee performance, compensation, job satisfaction, and organizational factors, 

to accurately identify high-risk individuals. It also incorporates Explainable AI techniques like SHAP 

and LIME to enhance transparency and interpretability, enabling organizations to move beyond black-

box predictions. The system supports scalable deployment across different organizational environments 

and can be adapted to diverse workforce structures and datasets. Applications include generating 

accurate attrition and layoff risk predictions, identifying key factors influencing employee behavior, and 

enabling proactive workforce planning. The system supports real-time decision-making through 

interactive dashboards, assisting HR professionals in designing targeted retention strategies and 

optimizing resource allocation. By leveraging predictive analytics and explainability, the framework 

can significantly improve organizational efficiency, reduce employee turnover risks, and enhance 

decision-making accuracy, making it a valuable tool for modern HR management systems. 

 

PROPOSED METHOD 

Data Preparation 

The data preparation phase plays a crucial role in building the proposed explainable machine learning 

framework, focusing on converting raw employee data into a structured and model-ready format. In 

this study, a synthetic HR dataset is utilized to simulate real-world employee attributes such as job 

role, salary, performance, and satisfaction levels. This approach allows controlled experimentation 

while preserving data privacy and enabling flexible feature design. The preparation process begins 

with data cleaning, where inconsistencies, noise, and missing values are handled to ensure data quality. 

Irrelevant or redundant features are removed to reduce complexity and improve model efficiency. 

Feature engineering techniques are then applied, including encoding categorical variables using label 

encoding and one-hot encoding, and scaling numerical features to maintain consistency across different 

ranges. Since employee attrition and layoff cases typically represent a smaller portion of the dataset, 

class imbalance is addressed using SMOTE (Synthetic Minority Oversampling Technique). This helps 

in generating balanced data and improves the model’s ability to detect high-risk employees accurately. 

Architecture 

The proposed system architecture is designed as a multi-stage, explainable machine learning 

framework that integrates data processing, predictive modeling, and decision-support mechanisms for 

employee attrition and layoff analysis. The architecture begins with data ingestion and integration, 

where both public datasets and internal HR data are combined to form a unified dataset. This is 

followed by a data preprocessing stage, which includes cleaning, normalization, and feature 

engineering to ensure data consistency and improve model performance. A key component of the 

architecture is the class imbalance handling mechanism, where the dataset is evaluated and techniques 

such as SMOTE are applied when necessary to balance minority classes and enhance predictive 

accuracy. The processed data is then divided into training and testing sets and passed through multiple 

learning models. These include base learners such as Logistic Regression and KNN, ensemble 

methods like Random Forest and XGBoost, and deep learning models such as LSTM and DNN. A 

stacking and model selection process is performed to identify the best-performing model based on 

evaluation metrics. To ensure transparency, the architecture integrates an Explainable AI (XAI) 

framework, which provides both local explanations using SHAP and LIME and global insights 

through feature importance analysis. These explanations are presented through an HR dashboard, 

enabling users to understand the reasons behind predictions. Finally, the system generates attrition risk 

and layoff risk scores, which are used to support decision-making. The overall architecture enables a 

seamless flow from raw data to actionable insights, combining predictive accuracy with 

interpretability to support effective human resource management. 
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RESULTS 

Data Preparation 

The proposed system prepares data by transforming the synthetic HR dataset into a structured and 

model-ready format through processes such as cleaning, normalization, and feature engineering. 

Employee-related attributes including performance, salary, job satisfaction, and organizational factors 

are standardized and encoded to ensure consistency across the dataset. The application of SMOTE 

effectively balances class distribution by generating synthetic samples for minority classes, reducing 

bias in prediction. Implementation results demonstrate that the optimized data preparation pipeline 

significantly enhances model performance, achieving an overall accuracy of 96.28%, with balanced 

precision, recall, and F1-scores of approximately 0.96 across both classes. The system shows strong 

capability in identifying employee risk, with a recall of 0.98 for low-risk employees and 0.94 for high-

risk cases, ensuring reliable detection. By replacing traditional manual analysis with a data-driven 

preprocessing approach, the system improves prediction reliability and enables accurate identification 

of at-risk employees, supporting effective and timely HR decision-making. 

 

Architecture 

The system is designed using a simple and flexible architecture that converts employee data into 

meaningful insights for predicting attrition and layoffs. It combines data processing, prediction logic, 

and explainable AI within an easy-to-use dashboard, allowing real-time analysis and visualization. 

Key employee factors such as salary, job satisfaction, and performance are used to assess risk levels, 

while role-based access ensures that both HR and employees can interact with the system securely. 

By moving away from manual analysis and using an automated approach, the system helps improve 

the speed and reliability of decision-making. 

 
● Achieved an overall accuracy of 96.28% with consistent performance across classes. 
● Provides real-time insights through an interactive dashboard. 
● Helps in identifying employees who are at higher risk. 
● Reduces the need for manual analysis by offering clear and automated insights. 

 

RESARCH GAPS 

A review of existing studies on employee attrition and layoff prediction shows that, although there has 

been progress in applying machine learning techniques in HR analytics, several important gaps still 

exist. These gaps affect the reliability, usability, and real-world adoption of such systems and can be 

grouped into technical, data-related, and practical limitations. 

1. Technical and Model-Related Gaps 

 Dependence on single Models: Many existing approaches rely on a single algorithm such as 

Logistic Regression or Random Forest. This limits performance, as no single model can handle all 

types of patterns present in complex HR data. 

 Accuracy vs. Interpretability Trade-off: While advanced models improve prediction 

accuracy, they often behave like black boxes. This creates difficulty in understanding the reasoning 

behind predictions, reducing trust among HR professionals. 

 Limited Handling of Class Imbalance: 

Employee attrition and layoffs are relatively rare events, but many systems do not effectively address 

this imbalance, leading to biased predictions toward non-risk employees. 

2. Data and Dataset Gaps 

 Limited and Non-Diverse Datasets: Most studies rely on small, synthetic, or organization-specific 
datasets (such as IBM HR dataset), which do not fully represent real-world workforce diversity. 
 Lack of Multi-Source Data Integration: Existing systems mainly use structured HR data and ignore 
other useful inputs such as employee feedback, external job market trends, or behavioral patterns. 
 Static Data Usage: Many models are trained on static datasets and fail to capture changes over time, 
such as evolving employee performance or satisfaction levels. 
 
 
 
 

http://www.ijcrt.org/


www.ijcrt.org                                             © 2026 IJCRT | Volume 14, Issue 3 March 2026 | ISSN: 2320-2882 

IJCRT2603999 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org i270 
 

3. Explainability and Decision-Making Gaps 

 Lack of Transparent Predictions: 

Many models provide predictions without clear explanations, making it difficult for HR teams to 

understand why an employee is considered at risk. 

 Limited Use of Explainable AI: 

Although techniques like SHAP and LIME exist, they are not widely integrated into real-world HR 

systems. 

 Gap Between Prediction and Action: 

Existing systems often stop at prediction and do not provide actionable insights or recommendations for 

HR decision-making. 

 

4. System Implementation and Practical Gaps 

 Lack of Interactive Systems: 

Most research focuses on model development but does not provide user-friendly dashboards or tools for 

HR professionals. 

 Poor Real-Time Adaptability: 

Many systems do not support real-time data updates, making them less useful in dynamic organizational 

environments. 

 Limited Deployment in Real Scenarios: 

Several models remain at the experimental stage and are not integrated into actual HR workflows, 

limiting their practical impact. 

5. Gaps Overall Gaps Identified 

 Lack of Unified Framework: 

Most existing works focus either on attrition or layoffs, but not both together in a single system. 

 Insufficient Focus on Usability: 

There is limited emphasis on making systems simple, interactive, and easy for HR teams to use. 

 Need for Scalable and Generalizable Models: 

Many models are designed for specific datasets and do not adapt well to different organizations or 

industries. 

 

CONCLUSION 

Employee attrition and layoffs continue to be major challenges for organizations, affecting both 

productivity and long-term growth. This work presents an explainable machine learning framework 

that combines data-driven prediction with transparency, allowing organizations to better understand 

and manage workforce risks. By using advanced preprocessing techniques, handling class imbalance, 

and applying ensemble models, the system is able to achieve strong predictive performance while 

maintaining reliability. A key contribution of this study is the integration of Explainable AI methods 

such as SHAP and LIME, which provide clear insights into the factors influencing employee risk. This 

helps bridge the gap between complex machine learning models and practical HR decision-making, 

making the system more trustworthy and usable in real-world scenarios. The results demonstrate that 

combining predictive analytics with interpretability and interactive visualization can support proactive 

decision-making. Instead of reacting after employees leave, organizations can now identify potential 

risks early and take appropriate actions. Overall, the proposed framework highlights the importance 

of building intelligent, transparent, and user-friendly systems for modern workforce management. 
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