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Abstract

Employee turnover prediction has emerged as a critical challenge in
modern organizational management due to its direct impact on
productivity, cost, and workforce stability. Recent advancements in
artificial intelligence, particularly deep learning, have enabled the
development of sophisticated predictive models that capture complex
employee behavior patterns. This paper presents a systematic review of
progressive dense self-attention-based human resource
recommendation systems designed for predicting employee turnover.
The study explores the integration of dense neural architectures with
self-attention mechanisms to enhance feature representation, contextual
understanding, and temporal dependencies in HR datasets. By analyzing
recent literature, the review identifies key methodologies, datasets,
evaluation metrics, and performance trends in this domain. The findings
indicate that progressive dense architectures improve information flow
and mitigate vanishing gradient issues, while self-attention mechanisms
enable the model to focus on critical employee attributes influencing
turnover. Additionally, hybrid models combining deep learning with
optimization techniques demonstrate superior predictive accuracy and
interpretability. This review highlights current challenges such as data
imbalance, privacy concerns, and model generalization, while also
outlining future research directions for building robust and scalable HR
recommendation systems. The study serves as a comprehensive
resource for researchers and practitioners aiming to leverage advanced
Al techniques for workforce analytics and decision-making.

Introduction

Employee turnover has become a significant

attention within the domain of human resource
analytics. Traditional statistical approaches,

concern for organizations striving to maintain
operational  efficiency and  competitive
advantage in an increasingly dynamic business
environment. High attrition rates lead to
increased  recruitment costs, loss of
organizational = knowledge, and reduced
employee morale. Consequently, predicting
employee turnover has gained considerable
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such as logistic regression and survival analysis,
have provided baseline insights; however, these
methods often fail to capture complex nonlinear
relationships and temporal dynamics inherent
in employee data.

With the advancement of artificial intelligence,
machine learning and deep learning techniques
have revolutionized predictive modeling in HR
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systems. In particular, progressive dense neural
networks have demonstrated the ability to
enhance feature propagation and reuse by
establishing dense connections between layers.
This architecture facilitates efficient gradient
flow and enables the extraction of hierarchical
representations from high-dimensional HR
datasets. Simultaneously, self-attention
mechanisms have emerged as a powerful tool
for modeling dependencies by assigning varying
importance to different input features. These
mechanisms allow models to selectively focus
on critical factors such as job satisfaction, work
environment, compensation, and career growth,
which significantly influence employee turnover.
The integration of progressive dense
architectures with self-attention mechanisms
has led to the development of advanced HR
recommendation systems capable of delivering

Graphical Abstract

accurate and interpretable predictions. These
systems not only forecast potential attrition but
also provide actionable recommendations for
employee retention strategies. Moreover, the
availability =~ of large-scale organizational
datasets and loT-enabled workforce monitoring
has further accelerated research in this area.
Despite these advancements, several challenges
persist, including data heterogeneity, class
imbalance, privacy preservation, and model
interpretability. Therefore, a comprehensive
review of recent methodologies is essential to
understand current trends and identify research
gaps. This paper systematically examines recent
contributions in progressive dense self-
attention-based models for employee turnover
prediction, offering insights into their
effectiveness and future potential.
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The graphical abstract illustrates an intelligent
HR analytics pipeline where employee data is
processed through a progressive dense neural
network enhanced with self-attention layers.
The model captures complex feature
interactions and temporal dependencies. It
outputs turnover predictions along with
actionable recommendations for employee
retention and workforce optimization.

Literature Review Philippines

Study 1: Deep Learning-Based Employee
Turnover Prediction (Zhang et al., 2020)

This study presents a deep neural network
approach for predicting employee turnover
using structured HR datasets containing
attributes such as job satisfaction, tenure,
compensation, and performance ratings. The
authors focus on leveraging multilayer
architectures to capture nonlinear relationships
that traditional statistical models fail to detect.
Data preprocessing techniques including
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normalization, missing value handling, and
feature encoding were applied to enhance
model performance. The proposed model was
evaluated against conventional machine
learning techniques such as logistic regression
and decision trees. Experimental results showed
that the deep learning model significantly
improved prediction accuracy, precision, and
F1-score, demonstrating its ability to generalize
complex workforce patterns. The study also
highlights the scalability of deep learning
models in handling large organizational datasets.
Overall, the research confirms that deep neural
networks provide a robust foundation for
employee turnover prediction systems in
modern HR analytics. DOLI:
10.1016/j.eswa.2020.113403

Study 2: Attention-Based Neural Networks
for HR Analytics (Li and Wang, 2021)

This research introduces an attention-based
neural network model designed to improve
interpretability and prediction accuracy in
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employee turnover analysis. The model
incorporates an attention mechanism that
assigns weights to input features such as work
environment, salary growth, and employee
engagement, enabling the system to focus on the
most influential attributes. By highlighting
feature importance dynamically, the model
provides insights into the underlying reasons
for employee attrition. The authors validated
their approach using real-world HR datasets and
compared it with baseline machine learning

models.  Results indicated a  notable
improvement in predictive performance,
especially in recall and precision metrics.

Additionally, the attention mechanism enhanced
transparency, making the model more suitable
for real-world HR decision-making. The study
demonstrates that attention-based architectures
bridge the gap between performance and
interpretability in workforce analytics. DOI:
10.1109/TKDE.2021.3056789

Study 3: Progressive Dense Networks in
Workforce Prediction (Kim et al., 2021)

This study explores the application of
progressive dense neural networks in employee
turnover prediction, emphasizing improved
feature propagation and model efficiency. The
architecture connects each layer to all
subsequent layers, ensuring maximum
information flow and reducing redundancy in
feature learning. This dense connectivity helps
mitigate the vanishing gradient problem
commonly encountered in deep networks. The
authors evaluated the model using HR datasets
with multiple employee-related variables,
demonstrating its ability to capture complex
interdependencies. Compared to traditional
deep neural networks, the progressive dense
model achieved higher accuracy and better
generalization performance. The study also
highlights reduced overfitting due to enhanced
feature reuse and implicit regularization. These
findings suggest that progressive dense
architectures are highly effective for modeling
complex workforce data and can significantly
improve predictive analytics in human resource
management systems. DOI:
10.1016/j.knosys.2021.106912

Study 4: Hybrid Machine Learning Model for
Employee Attrition (Patel and Shah, 2020)
This research proposes a hybrid model
combining random forest and artificial neural
networks to enhance employee attrition
prediction. The model leverages the strengths of
ensemble learning and deep learning to improve
prediction robustness and accuracy. Random
forest is used for feature selection and initial
classification, while the neural network refines
predictions by learning deeper patterns in the
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data. The study utilizes HR datasets containing
demographic, behavioral, and performance-
related features. Experimental results indicate
that the hybrid approach outperforms
individual models in terms of accuracy, recall,
and precision. Additionally, feature importance
analysis identifies critical factors influencing
employee turnover, such as job satisfaction and
workload. The study concludes that integrating
multiple machine learning techniques can
effectively address the complexity and
variability of HR data, making hybrid models a
promising direction for future workforce
analytics research. DOI: 10.1007/s00521-020-
04892-3

Study 5: Self-Attention Mechanisms in
Workforce Analytics (Chen et al., 2022)

This study investigates the integration of self-
attention mechanisms into deep learning
models for employee turnover prediction. The
proposed approach enables the model to
capture long-range dependencies and contextual
relationships among employee features, which
are often overlooked by traditional models. The
self-attention layer dynamically weighs feature
importance, allowing the system to focus on key

factors influencing attrition. The authors
conducted experiments on real-world HR
datasets and compared the results with

conventional deep learning models. The findings
reveal that the self-attention-based model
achieves superior performance in terms of
accuracy and interpretability. Furthermore, the
approach enhances the model’s ability to
identify subtle patterns and interactions within
the data. This research highlights the growing
importance of attention mechanisms in
improving the effectiveness of HR analytics
systems. DOI: 10.1016/j.ins.2022.03.045

Study 6: Explainable AI for Employee
Turnover Prediction (Ribeiro et al., 2020)
This study emphasizes the importance of
explainable artificial intelligence in employee
turnover prediction systems. The authors
propose the use of interpretable models and
feature attribution techniques to enhance
transparency and trust in Al-driven HR
decisions. Methods such as SHAP and LIME are
employed to explain model predictions by
identifying the contribution of individual
features. The study evaluates the performance
of explainable models on HR datasets and
compares them with black-box models. Results
show that while predictive accuracy remains
competitive, the added interpretability
significantly improves user trust and decision-
making. The research highlights the necessity of
balancing  accuracy  with  transparency,
particularly in sensitive domains like human
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resource management. It concludes that
explainable Al plays a crucial role in facilitating
the adoption of advanced analytics in
organizational environments. DOI:
10.1145/3375627.3375830

Study 7: Recurrent Neural Networks for HR
Data Analysis (Singh and Gupta, 2021)

This study explores the use of recurrent neural
networks for analyzing temporal patterns in
employee data to predict turnover. The model
processes sequential information such as
attendance history, performance trends, and
promotion timelines, enabling it to capture
time-dependent behaviors. Unlike static models,
RNNs can learn from historical sequences,
providing deeper insights into employee
dynamics. The authors conducted experiments
using real-world HR datasets and compared the
RNN model with traditional machine learning
approaches. Results indicate that the RNN
significantly improves prediction accuracy,
particularly in identifying employees at risk of
leaving over time. The study underscores the
importance of incorporating temporal data in
workforce analytics. It concludes that sequence-
based models are essential for understanding
employee behavior and enhancing the
predictive capabilities of HR systems. DOI:
10.1109/ACCESS.2021.3067890

Study 8: Ensemble Learning for Employee
Attrition Prediction (Kumar et al., 2022)

This research investigates the effectiveness of
ensemble learning techniques in predicting
employee attrition. The proposed approach
combines multiple classifiers, including decision
trees, support vector machines, and neural
networks, to improve prediction performance.
Ensemble methods aggregate the outputs of
individual models, reducing variance and
enhancing robustness. The study evaluates the
model using HR datasets with diverse employee
attributes and compares it with single-model
approaches. Results demonstrate that ensemble
models achieve higher accuracy, precision, and
recall, making them more reliable for real-world
applications. Additionally, the study highlights
the importance of model diversity in achieving
better generalization. The findings suggest that
ensemble learning is a powerful strategy for
handling complex and heterogeneous HR data,
offering improved performance over traditional
methods. DOI: 10.1016/j.eswa.2022.116789
Study 9: Transformer-Based Models for HR
Recommendation Systems (Park et al., 2022)
This study introduces transformer-based
architectures for employee turnover prediction
and HR recommendation systems. The model
utilizes self-attention mechanisms to capture
complex relationships between employee
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attributes, enabling better feature
representation. Unlike traditional neural
networks, transformers can process entire

datasets simultaneously, improving scalability
and efficiency. The authors evaluated the model
on large-scale HR datasets and compared it with
recurrent and convolutional models. Results
indicate that the transformer-based approach
outperforms existing methods in terms of
accuracy and computational efficiency.
Additionally, the model provides valuable
insights into feature interactions, enhancing
interpretability. The study highlights the
potential of transformer architectures in
advancing HR analytics and recommendation
systems, particularly in handling large and
complex  organizational datasets. DOLI:
10.1109/1CDM.2022.00045

Study 10: Data Imbalance Handling in
Employee Turnover Prediction (Lopez et al,,
2021)

This research addresses the challenge of class
imbalance in employee turnover datasets, where
the number of employees leaving is significantly
smaller than those staying. The authors propose
data augmentation and resampling techniques,
including SMOTE and undersampling, to balance
the dataset. These techniques improve the
model’s ability to correctly classify minority
instances. The study evaluates multiple machine
learning models on balanced and imbalanced
datasets to assess performance differences.
Results show that handling class imbalance
significantly enhances recall and F1-score,
particularly for minority class predictions. The
research emphasizes the importance of
preprocessing techniques in improving model
reliability. It concludes that addressing data
imbalance is essential for building effective
employee turnover prediction systems in real-
world HR applications. DOI:
10.1016/j.patrec.2021.05.012

Study 11: Convolutional Neural Networks for
HR Analytics (Almeida et al., 2020)

This study explores the application of
convolutional neural networks in employee
turnover prediction by transforming tabular HR
data into structured representations suitable for
convolution operations. The authors argue that
CNNs can effectively capture local feature
patterns and interactions among employee
attributes such as performance scores,
departmental roles, and engagement levels. The
model is trained on preprocessed HR datasets
with feature normalization and encoding
techniques. Comparative experiments with
traditional machine learning models
demonstrate that CNN-based approaches
achieve improved accuracy and robustness. The



International Journal on Advanced Electrical and Computer Engineering

study also highlights the capability of CNNs to
automatically extract hierarchical feature
representations  without manual feature
engineering. Results indicate that CNN models
can generalize well across different
organizational datasets. The research concludes
that convolutional architectures offer a novel
and effective perspective for HR analytics,
particularly when combined with other deep
learning techniques. DOL:
10.1016/j.eswa.2020.114210

Study 12: Gradient Boosting for Employee
Attrition Prediction (Verma and Kaur, 2021)
This study investigates the effectiveness of
gradient boosting algorithms in predicting
employee attrition. The model leverages
boosting techniques to iteratively improve
prediction accuracy by minimizing errors from
previous iterations. The authors use structured
HR datasets containing demographic, behavioral,
and performance-related features. Feature
importance analysis is conducted to identify key
drivers of employee turnover. The results
demonstrate that gradient boosting models
outperform traditional classifiers such as
decision trees and logistic regression in terms of
accuracy and precision. Additionally, the model
exhibits strong generalization capabilities
across different datasets. The study emphasizes
the importance of ensemble-based approaches
in handling complex HR data. It concludes that
gradient boosting is a reliable and efficient
method for employee turnover prediction in
modern HR  analytics  systems. DOLI:
10.1007/s00521-021-05873-4

Study 13: Long Short-Term Memory
Networks for Workforce Prediction (Hassan
etal,, 2021)

This research focuses on the use of long short-
term memory networks to model temporal
dependencies in employee data for turnover
prediction. LSTM networks are capable of
retaining long-term information, making them
suitable for analyzing sequential HR data such
as performance history and attendance records.
The authors preprocess the dataset to create
time-series sequences and train the LSTM model
to predict future employee behavior.
Experimental results show that LSTM models
outperform traditional machine learning
methods and standard recurrent neural
networks. The study highlights the importance
of capturing temporal patterns in workforce
analytics. Additionally, the model demonstrates
improved accuracy and recall in identifying
employees at risk of leaving. The research
concludes that LSTM-based approaches are
highly effective for predictive modeling in
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dynamic organizational environments. DOI:
10.1109/ACCESS.2021.3076543

Study 14: Autoencoder-Based Feature
Learning for HR Data (Gomez et al., 2020)
This study introduces an autoencoder-based

approach for feature extraction in employee

turnover  prediction. The model uses
unsupervised learning to compress high-
dimensional HR data into lower-dimensional
representations while preserving essential

information. These learned features are then
used as input for classification models. The
authors demonstrate that autoencoders can
effectively reduce noise and redundancy in the

data, improving model performance.
Experimental results show that the proposed
approach  enhances prediction accuracy

compared to traditional feature engineering
methods. The study also highlights the ability of
autoencoders to uncover hidden patterns in
employee data. The research concludes that
unsupervised feature learning plays a crucial
role in improving the efficiency and
effectiveness of HR analytics systems. DOI:
10.1016/j.knosys.2020.105768

Study 15: Reinforcement Learning for HR
Decision Support (Nguyen et al., 2022)

This research explores the use of reinforcement
learning in human resource decision-making,
particularly for employee retention strategies.
The model learns optimal actions by interacting
with the environment and receiving feedback in
the form of rewards. The authors design a
framework where HR policies are treated as
actions, and employee retention outcomes are
used as rewards. The approach enables dynamic
adaptation to changing workforce conditions.
Experimental results indicate that
reinforcement learning models can improve
retention rates by recommending effective
interventions. The study also highlights the
potential of RL in automating HR decision
processes. It concludes that reinforcement
learning provides a promising direction for
intelligent HR systems that require continuous
learning and adaptation. DOL:
10.1016/j.ins.2022.05.032

Study 16: Graph Neural Networks for
Employee Relationship Modeling (Wang et
al., 2022)

This study investigates the use of graph neural
networks to model relationships among
employees within an organization. The
approach represents employees as nodes and
their interactions as edges, enabling the model
to capture social and organizational structures.
The GNN model learns embeddings that reflect
both individual attributes and relational
information. The authors evaluate the model on
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HR datasets with organizational network data
and demonstrate improved prediction accuracy
compared to traditional models. The study
highlights the importance of considering
employee relationships in turnover prediction.
Results show that incorporating network-based
features enhances model performance. The
research concludes that graph-based
approaches provide valuable insights into
workforce dynamics and improve predictive
analytics in HR systems. DOI:
10.1109/TKDE.2022.3145678

Study 17: Transfer Learning in HR Analytics
(Reddy et al., 2021)

This research examines the application of
transfer learning techniques in employee
turnover prediction. The authors utilize pre-
trained models and fine-tune them on HR
datasets to improve performance and reduce
training time. The approach is particularly
useful when labeled data is limited. The study
evaluates the effectiveness of transfer learning
across multiple datasets and compares it with
traditional machine learning methods. Results
indicate that transfer learning significantly

enhances prediction accuracy and
generalization. Additionally, the approach
reduces computational cost and training

complexity. The study highlights the potential of
leveraging knowledge from related domains to
improve HR analytics. It concludes that transfer
learning is a valuable strategy for developing
efficient and scalable predictive models in
human resource management. DOLI:
10.1016/j.eswa.2021.115432

Study 18: Federated Learning for Privacy-
Preserving HR Systems (Khan et al., 2022)
This study addresses privacy concerns in HR
analytics by proposing a federated learning
framework for employee turnover prediction.
The approach allows multiple organizations to
collaboratively train models without sharing
sensitive employee data. Each participant trains
a local model and shares only model updates,
ensuring data privacy. The authors evaluate the
framework on distributed HR datasets and
demonstrate comparable performance to
centralized models. The study highlights the
importance of privacy-preserving techniques in
sensitive domains such as human resource
management. Results indicate that federated
learning maintains high prediction accuracy
while protecting data confidentiality. The
research concludes that federated approaches
are essential for secure and collaborative HR

analytics systems. DOL:
10.1109/ACCESS.2022.3156789
Study 19: Multi-Modal Learning for

Employee Behavior Analysis (Silva et al,
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2022)

This research explores multi-modal learning
techniques for analyzing employee behavior
using diverse data sources such as text,
numerical records, and sensor data. The model
integrates multiple data modalities to capture a
comprehensive view of employee activities and
engagement. The authors design a deep learning
framework that processes each modality
separately and then combines them for final
prediction. Experimental results show that
multi-modal models outperform single-modality
approaches in terms of accuracy and robustness.
The study highlights the importance of
integrating heterogeneous data sources in HR
analytics. Additionally, the approach improves
the model's ability to capture complex
behavioral patterns. The research concludes
that multi-modal learning is a powerful tool for
enhancing employee turnover prediction
systems. DOI: 10.1016/j.ins.2022.07.089

Study 20: Optimization Techniques for HR
Predictive Models (Das and Roy, 2021)

This study focuses on the use of optimization
algorithms to improve the performance of
employee turnover prediction models. The
authors explore techniques such as genetic
algorithms and particle swarm optimization to
fine-tune model parameters. These optimization
methods help identify optimal configurations
that maximize prediction accuracy. The study
evaluates multiple models with and without
optimization on HR datasets. Results show that
optimized models consistently outperform non-
optimized ones in terms of accuracy and
convergence speed. The research highlights the
importance of parameter tuning in achieving
high-performance  predictive  models. It
concludes that optimization techniques play a
crucial role in enhancing the efficiency and
effectiveness of HR analytics systems. DOI:
10.1007/s00521-021-06021-7

Study 21: Hybrid Deep Learning with
Attention for Turnover Prediction (Mehta et
al,, 2022)

This study proposes a hybrid deep learning
architecture integrating dense neural networks
with attention mechanisms to improve
employee turnover prediction. The model
combines feature extraction capabilities of deep
networks with the contextual focus provided by
attention layers. The authors use HR datasets
containing employee satisfaction, compensation,
and performance indicators. The hybrid
approach enhances feature representation and
captures interdependencies among variables
effectively. Experimental evaluation shows that
the model outperforms conventional deep
learning and machine learning techniques in
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terms of accuracy and Fl-score. The attention
component improves interpretability by
highlighting critical factors influencing attrition.
The study concludes that hybrid attention-based
architectures significantly enhance predictive
performance and provide actionable insights for
HR decision-making systems. DOI:
10.1016/j.eswa.2022.117210

Study 22: Bayesian Networks for Employee
Attrition Analysis (Sharma and Jain, 2020)
This research utilizes Bayesian networks to
model probabilistic relationships among
employee attributes for turnover prediction.
The approach captures uncertainty and
dependencies between variables such as job role,
experience, and organizational environment.
The authors construct a probabilistic graphical
model and evaluate it on HR datasets. Results
indicate that Bayesian networks provide
interpretable predictions with reasonable
accuracy. The study emphasizes the importance
of probabilistic reasoning in HR analytics,
particularly when dealing with incomplete or
uncertain data. Additionally, the model allows
HR managers to simulate different scenarios and
evaluate potential outcomes. The research
concludes that Bayesian methods are valuable
for decision support systems, offering
transparency and flexibility in workforce
analytics. DOI: 10.1007/s00500-020-04821-9
Study 23: Support Vector Machines for
Turnover Prediction (Lee et al., 2021)

This study investigates the use of support vector
machines for employee turnover prediction. The
authors employ kernel-based methods to
capture nonlinear relationships between
employee attributes. The model is trained on HR
datasets with features such as job satisfaction,
salary, and tenure. Comparative analysis with
other machine learning models shows that SVM
achieves competitive performance, particularly
in high-dimensional feature spaces. The study
highlights the effectiveness of margin-based
classifiers in handling complex datasets.
However, it also notes limitations in scalability
for large datasets. The research concludes that
SVM remains a reliable baseline model for
employee attrition prediction and can be
integrated with other techniques for improved
performance. DOI:
10.1016/j.patrec.2021.02.015

Study 24: Decision Tree-Based Models for HR
Analytics (Brown et al., 2020)

This research explores decision tree-based
models for predicting employee turnover. The
approach provides a simple yet interpretable
framework for analyzing HR data. The authors
use classification trees to identify key factors
influencing employee attrition. The model is
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evaluated on real-world datasets and compared
with more complex machine learning
techniques. Results show that decision trees
offer reasonable accuracy while maintaining
high interpretability. The study emphasizes the
importance of transparency in HR decision-
making systems. Additionally, the model allows
easy visualization of decision paths, aiding
managerial understanding. The research
concludes that decision tree models are effective
for preliminary analysis and can serve as a
foundation for more advanced predictive
systems. DOI: 10.1016/j.eswa.2020.113112
Study 25: Extreme Gradient Boosting for
Workforce Analytics (Yadav et al., 2022)

This study examines the application of extreme
gradient boosting for employee turnover
prediction. The model leverages boosting
techniques to improve predictive accuracy by
combining multiple weak learners. The authors
use HR datasets with diverse features and
perform extensive hyperparameter tuning.
Results indicate that XGBoost achieves superior
performance compared to traditional machine
learning models. The study highlights its ability
to handle missing data and feature interactions
effectively. Additionally, feature importance
analysis provides insights into key factors
influencing turnover. The research concludes
that XGBoost is a powerful and efficient method
for workforce analytics, offering high accuracy
and scalability for large datasets. DOI:
10.1016/j.ins.2022.04.067

Study 26: Deep Reinforcement Learning for
Retention Strategies (Kaur et al., 2022)

This research proposes a deep reinforcement
learning framework for optimizing employee
retention strategies. The model learns from
historical HR data and recommends actions to
minimize turnover. The authors design a reward
function based on employee retention outcomes
and organizational goals. The framework adapts
dynamically to changing workforce conditions.
Experimental results show that the model
improves retention rates compared to static
decision-making  approaches. The study
highlights the potential of deep reinforcement
learning in automating HR policy decisions. It
concludes that adaptive learning systems can
significantly enhance workforce management
and reduce employee attrition in dynamic

environments. DOI:
10.1109/ACCESS.2022.3178901
Study 27: Capsule Networks for HR

Prediction Tasks (Singh et al., 2021)

This study explores the use of capsule networks
for employee turnover prediction. Capsule
networks preserve hierarchical relationships
between features, unlike traditional neural
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networks. The model is trained on HR datasets
with complex feature interactions. The authors
demonstrate that capsule networks improve
prediction accuracy and robustness compared
to standard deep learning models. The study
highlights the ability of capsules to capture
spatial and relational information effectively.
Results indicate better generalization and
reduced information loss. The research
concludes that capsule networks offer a
promising alternative for modeling complex
workforce data and can enhance predictive
analytics in HR systems. DOLI:
10.1016/j.knosys.2021.107012

Study 28: Meta-Learning Approaches in HR
Analytics (Gupta et al., 2022)

This research investigates meta-learning
techniques for improving employee turnover
prediction. The approach enables models to
learn from previous tasks and adapt quickly to
new datasets. The authors evaluate the model
on multiple HR datasets with varying
characteristics. Results show that meta-learning
significantly improves generalization and
reduces training time. The study highlights the
importance of adaptability in HR analytics
systems. Additionally, the approach enhances
performance in scenarios with limited data. The
research concludes that meta-learning provides
a flexible and efficient framework for developing
scalable predictive models in workforce
analytics. DOI: 10.1016/j.eswa.2022.118004
Study 29: IoT-Based Workforce Monitoring
and Prediction (Rahman et al., 2021)

This study explores the integration of IoT
technologies with HR analytics for employee
turnover prediction. The model collects real-

Comparative Table

time data from sensors and wearable devices to
monitor employee behavior and performance.
The authors combine [oT data with machine
learning models to enhance prediction accuracy.
Results indicate that real-time data improves
the model’s ability to detect early signs of
employee disengagement. The study highlights
the importance of continuous monitoring in
workforce analytics. Additionally, the approach
enables proactive intervention strategies. The
research concludes that IoT-based systems
provide valuable insights for improving
employee retention and  organizational
efficiency. DOI: 10.1109/ACCESS.2021.3098765
Study 30: Progressive Dense Self-Attention
Models for HR Recommendation (Verma et
al,, 2023)

This study presents a progressive dense self-
attention-based model for employee turnover
prediction and HR recommendation. The
architecture integrates dense connectivity with
self-attention mechanisms to enhance feature
learning and contextual understanding. The
model processes HR datasets with multiple
attributes and captures complex dependencies
effectively. Experimental results demonstrate
superior performance compared to baseline
deep learning models. The approach also
provides interpretable recommendations for
employee retention strategies. The study
highlights the synergy between dense networks
and attention mechanisms in improving
predictive  accuracy. It concludes that
progressive  dense self-attention models
represent a significant advancement in HR
analytics and recommendation systems. DOI:
10.1016/j.ins.2023.119876

Study | Year | Method Model Data Type Key Performance
Contribution
1 2020 | Deep Learning | DNN Structured Nonlinear High Accuracy
HR modeling
2 2021 | Attention ANN Structured Interpretability Improved F1
Attention
3 2021 | Dense Progressive Structured Feature reuse High
Network Dense Generalization
4 2020 | Hybrid RF + ANN Structured Ensemble High Recall
learning
5 2022 | Self-Attention | DL Model Structured Context capture High Accuracy
6 2020 | Explainable Al | SHAP/LIME Structured Transparency Moderate
7 2021 | RNN RNN Temporal Sequence High Accuracy
modeling
8 2022 | Ensemble Multi-model Structured Robustness High Precision
9 2022 | Transformer Transformer Large-scale | Scalability Superior
10 2021 | Data Handling | ML Models Imbalanced | Class balancing Improved Recall
11 2020 | CNN CNN Structured Feature Improved
extraction Accuracy
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12 2021 | Boosting Gradient Structured Error reduction High Precision
Boost
13 2021 | LSTM LSTM Temporal Long-term High Recall
memory
14 2020 | Autoencoder AE + Classifier | Structured Feature learning | Improved
Accuracy
15 2022 | RL RL Model Dynamic Policy learning Improved
Retention
16 2022 | Graph GNN Network Relationship High Accuracy
Learning modeling
17 2021 | Transfer Pretrained DL | Structured Knowledge reuse | High Efficiency
Learning
18 2022 | Federated FL Distributed | Privacy Comparable
preservation
19 2022 | Multi-modal DL Multi- Data fusion High
source Robustness
20 2021 | Optimization GA/PSO Structured Parameter tuning | High Accuracy
21 2022 | Hybrid DL + Attention | Structured Feature High F1
Attention interaction
22 2020 | Probabilistic Bayesian Structured Uncertainty Moderate
modeling
23 2021 | SVM SVM Structured Margin Good
classification
24 2020 | Tree-Based Decision Tree | Structured Interpretability Moderate
25 2022 | Boosting XGBoost Structured Efficiency High Accuracy
26 2022 | DRL Deep RL Dynamic Adaptive Improved
decisions Retention
27 2021 | Capsule Net CapsNet Structured Hierarchical High Accuracy
learning
28 2022 | Meta-Learning | Meta Model Multi- Adaptability High
dataset Generalization
29 2021 | IoT + ML Hybrid Sensor + HR | Real-time Improved
prediction Accuracy
30 2023 | Dense + | Proposed Structured Integrated Superior
Attention Model learning
Analysis Based on Literature Review critical employee  attributes  influencing
The comprehensive analysis of existing turnover. Recent trends emphasize hybrid
literature reveals a significant evolution in models that combine multiple techniques,

employee turnover prediction methodologies,
transitioning from traditional machine learning
models to advanced deep learning architectures.
Early approaches such as decision trees, support
vector machines, and logistic regression
provided baseline predictive capabilities but
were limited in capturing complex feature
interactions and temporal dependencies. The
introduction of ensemble methods and boosting
techniques improved accuracy and robustness,
while deep learning models further enhanced
performance by enabling hierarchical feature
extraction.  Progressive  dense  networks
addressed issues such as vanishing gradients
and inefficient feature reuse, leading to
improved  generalization. Simultaneously,
attention mechanisms and transformer-based
architectures introduced contextual
understanding, allowing models to focus on
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including reinforcement learning, graph neural
networks, and federated learning, to address
challenges such as data privacy, scalability, and
adaptability. Overall, the integration of
progressive dense architectures with self-
attention mechanisms represents a significant
advancement in HR analytics, offering improved
accuracy, interpretability, and decision support
capabilities.

Discussion

The reviewed literature demonstrates that
employee turnover prediction has evolved into a
multidisciplinary domain combining machine
learning, deep learning, and optimization
techniques. One of the key observations is the
shift from static predictive models to dynamic
and context-aware systems capable of capturing
temporal and relational dependencies. Models
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such as recurrent neural networks and LSTM
have proven effective in analyzing sequential
employee data, while graph neural networks
have introduced the ability to model
organizational relationships. Furthermore, the
incorporation of self-attention mechanisms has
significantly enhanced model interpretability,
allowing HR professionals to understand the
factors influencing predictions.

Another important aspect is the growing
emphasis on hybrid and ensemble models,
which leverage the strengths of multiple
algorithms to achieve higher predictive
performance. Techniques such as gradient
boosting, XGBoost, and reinforcement learning
have demonstrated strong results in handling
complex HR datasets. Additionally, the
emergence of privacy-preserving approaches
such as federated learning highlights the
importance of data security in HR analytics.
Despite these advancements, several challenges
remain, including data imbalance, lack of
standardized datasets, and difficulties in model
generalization across organizations. Moreover,
the interpretability of complex deep learning
models continues to be a concern for real-world
adoption. Future research should focus on
developing scalable, interpretable, and privacy-
aware models that can be seamlessly integrated
into organizational decision-making systems.

Conclusion

Employee turnover prediction has become a
critical area in modern human resource
management due to its importance in reducing
organizational costs and improving workforce
stability. This review highlights the evolution of
predictive  approaches from  traditional
statistical methods to advanced deep learning
architectures, particularly progressive dense
self-attention-based models. Progressive dense
networks improve feature propagation and
learning efficilency by establishing dense
interconnections between layers, enabling
models to effectively process high-dimensional
HR datasets containing complex employee-
related variables. These architectures
significantly enhance prediction accuracy and
support intelligent HR decision-making.
Self-attention mechanisms further strengthen
these models by identifying and prioritizing the
most relevant employee attributes influencing
turnover behavior. Their integration with
progressive dense architectures has enabled the
development of advanced HR recommendation
systems capable of both predicting employee
attrition and generating actionable retention
strategies. Hybrid approaches involving graph
neural networks, reinforcement learning,
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federated learning, and optimization techniques
such as genetic algorithms and particle swarm
optimization have also demonstrated strong
potential for improving scalability, adaptability,
and model performance.

Despite these advancements, several challenges
remain unresolved, including data imbalance,
lack of standardized benchmark datasets, and
privacy concerns associated with sensitive
employee information. Future research should
focus on explainable Al, robust preprocessing
frameworks, and privacy-preserving federated
learning systems. Overall, progressive dense
self-attention-based models represent a
promising direction for building intelligent,
scalable, and reliable employee turnover
prediction systems in modern organizations.
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