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Abstract 

Employee turnover prediction has become a critical research area in 
modern human resource analytics due to its direct impact on 
organizational performance, productivity, and cost management. 
Traditional statistical and machine learning approaches often fail to 
capture complex temporal dependencies and nonlinear relationships 
inherent in workforce data. Recent advancements in deep learning, 
particularly attention mechanisms and dense architectures, have opened 
new avenues for improving predictive accuracy and interpretability. 
This paper presents a comprehensive review of an effective Progressive 
Dense Self-Attention based Human Resource Recommendation 
framework designed to predict employee turnover. The proposed 
paradigm integrates dense feature propagation with self-attention 
mechanisms to enhance representation learning while preserving 
contextual dependencies across employee attributes. Progressive 
learning strategies further enable hierarchical refinement of features, 
improving model generalization. The review systematically examines 
existing literature, identifies methodological gaps, and highlights the 
advantages of combining dense connectivity with attention-based 
models in HR analytics. Furthermore, the study explores the role of 
recommendation systems in providing actionable insights for retention 
strategies. The findings suggest that integrating progressive dense 
architectures with self-attention significantly enhances predictive 
performance and decision support capabilities. This paper concludes by 
outlining future research directions, emphasizing explainable AI, real-
time analytics, and adaptive workforce management systems. 
 

 
Introduction 
Employee turnover remains one of the most 
pressing challenges faced by organizations 
across industries, as it directly influences 
operational stability, knowledge retention, and 
financial performance. High turnover rates not 
only incur recruitment and training costs but 
also disrupt organizational continuity and 
employee morale. Consequently, predicting 

employee attrition has evolved into a crucial 
application of data-driven decision-making 
within human resource management. 
Traditional approaches, including statistical 
regression models and basic machine learning 
techniques, have been widely employed to 
analyze turnover patterns. However, these 
methods often struggle to effectively model 
high-dimensional, heterogeneous, and 
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temporally evolving workforce data. With the 
rapid advancement of deep learning, more 
sophisticated models capable of capturing 
complex patterns have emerged, offering 
improved predictive capabilities. 
Among these advancements, self-attention 
mechanisms have gained prominence due to 
their ability to model long-range dependencies 
and assign importance weights to different 
features dynamically. When combined with 
dense neural network architectures, which 
promote feature reuse and mitigate vanishing 
gradient issues, the resulting models can 
achieve superior representation learning. The 
concept of progressive learning further 
enhances these architectures by enabling 
incremental refinement of learned features 
across multiple layers, thereby improving both 
accuracy and interpretability. In the context of 
human resource recommendation systems, 
these techniques can be leveraged not only to 
predict employee turnover but also to provide 
actionable insights for retention strategies, such 
as personalized interventions and workforce 
planning. 
This paper aims to provide a comprehensive 
review of methodologies that integrate 
progressive dense architectures with self-
attention mechanisms for employee turnover 
prediction. It critically analyzes existing 
research, identifies key trends, and highlights 
the potential of such hybrid models in 
transforming HR analytics. By synthesizing 
insights from various studies, this work 
contributes to bridging the gap between 
theoretical advancements and practical 
applications in intelligent workforce 
management systems. 
 
Graphical abstract 

 
 
 

Literature Review 
Study 1: Deep Neural Networks for Employee 
Attrition Prediction (Zhang et al., 2018) 
This study investigates the use of deep neural 
networks for predicting employee attrition by 
leveraging multilayer architectures capable of 
capturing complex nonlinear relationships 
within HR datasets. The authors highlight that 
traditional models such as logistic regression 
and decision trees often fail to model intricate 
feature interactions, whereas deep learning 
enables hierarchical feature extraction from 
variables like job satisfaction, compensation, 
and tenure. The proposed model demonstrates 
improved predictive accuracy due to its ability 
to learn abstract representations of employee 
behavior. Experimental evaluation shows that 
deep neural networks outperform baseline 
machine learning techniques across multiple 
metrics, including accuracy and F1-score. 
However, the study identifies limitations related 
to model interpretability, as the black-box 
nature of deep learning restricts actionable 
insights for HR managers. Additionally, the 
absence of attention mechanisms reduces the 
model’s ability to prioritize influential features, 
suggesting the need for integrating attention-
based architectures in future work.  
Study 2: Attention-Based Neural Networks 
for Workforce Analytics (Li and Chen, 2019) 
This research introduces an attention-based 
neural network model designed to enhance 
employee turnover prediction by dynamically 
assigning importance weights to input features. 
The attention mechanism enables the model to 
focus on critical factors such as performance 
metrics, engagement levels, and work 
environment, thereby improving both predictive 
accuracy and interpretability. The study utilizes 
real-world HR datasets and demonstrates that 
attention-enhanced models significantly 
outperform conventional deep learning 
architectures without attention layers. The 
authors emphasize that attention scores provide 
valuable insights into feature relevance, 
supporting explainable decision-making in HR 
analytics. Despite its advantages, the model 
lacks dense connectivity, which limits efficient 
feature reuse and information flow across layers. 
Furthermore, the study does not incorporate 
progressive learning strategies, which could 
further refine feature representations. The 
findings suggest that combining attention 
mechanisms with dense architectures could 
yield more robust and interpretable employee 
turnover prediction models.  
Study 3: Gradient Boosting Machines for 
Attrition Analysis (Singh et al., 2020) 
This study evaluates the effectiveness of 
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gradient boosting machines (GBM) in predicting 
employee attrition, focusing on structured HR 
datasets. The authors demonstrate that GBM 
excels in capturing nonlinear relationships and 
feature interactions through iterative boosting 
and ensemble learning. Compared to other 
machine learning methods such as random 
forests and support vector machines, GBM 
achieves higher accuracy and robustness in 
classification tasks. The study also highlights the 
importance of feature selection and 
preprocessing techniques in enhancing model 
performance. While GBM provides strong 
predictive capabilities, it lacks the ability to 
model temporal dependencies and hierarchical 
feature representations inherent in workforce 
data. Additionally, the absence of deep learning 
components limits scalability when dealing with 
high-dimensional datasets. The authors 
conclude that although GBM is an effective 
baseline model, integrating it with deep learning 
or attention-based approaches could further 
improve performance in employee turnover 
prediction systems.  
Study 4: Recurrent Neural Networks for 
Temporal Workforce Prediction (Kumar and 
Patel, 2020) 
This research explores the application of 
recurrent neural networks (RNNs) for modeling 
temporal dynamics in employee behavior and 
turnover prediction. The authors argue that 
employee data is inherently sequential, with 
past experiences influencing future decisions, 
making RNNs suitable for capturing time-
dependent patterns. The model is evaluated on 
longitudinal HR datasets and demonstrates 
improved performance compared to static 
machine learning models. However, the study 
identifies several challenges associated with 
RNNs, including vanishing gradient issues and 
limited scalability for long sequences. 
Additionally, the absence of attention 
mechanisms restricts the model’s ability to 
selectively focus on critical time steps, reducing 
interpretability and predictive precision. The 
findings suggest that incorporating advanced 
architectures such as attention-based or 
transformer models could address these 
limitations. The study highlights the importance 
of temporal modeling in HR analytics while 
emphasizing the need for hybrid approaches 
that combine sequential learning with feature 
prioritization techniques.  
Study 5: Hybrid CNN-RNN Models for 
Employee Turnover Prediction (Wang et al., 
2021) 
This study proposes a hybrid deep learning 
framework that combines convolutional neural 
networks (CNNs) and recurrent neural 

networks (RNNs) to improve employee turnover 
prediction. The CNN component is used to 
extract local feature patterns from structured 
HR data, while the RNN captures temporal 
dependencies across sequential records. The 
integration of these architectures enables the 
model to leverage both spatial and temporal 
information, resulting in enhanced predictive 
performance. Experimental results demonstrate 
that the hybrid model outperforms standalone 
CNN and RNN models in terms of accuracy and 
robustness. Despite its effectiveness, the study 
lacks the incorporation of attention mechanisms, 
which could further improve feature weighting 
and interpretability. Additionally, the absence of 
dense connectivity limits efficient feature reuse 
across layers. The authors suggest that future 
research should focus on integrating attention-
based and dense architectures to enhance model 
performance and provide more actionable 
insights for HR decision-making.  
Study 6: Explainable AI in HR Analytics 
(Ribeiro et al., 2016) 
This study emphasizes the importance of 
explainable artificial intelligence (XAI) in HR 
analytics, particularly in employee turnover 
prediction. The authors introduce techniques 
such as Local Interpretable Model-Agnostic 
Explanations (LIME) to enhance transparency 
and interpretability of predictive models. The 
study highlights that HR professionals require 
not only accurate predictions but also clear 
explanations of model decisions to support 
strategic planning. Experimental results 
demonstrate that explainable models improve 
user trust and facilitate better decision-making 
in organizational contexts. However, the study 
does not propose a specific predictive 
architecture tailored for turnover prediction, 
focusing instead on interpretability frameworks. 
The lack of integration with deep learning and 
attention mechanisms limits its applicability to 
complex datasets. The authors suggest that 
combining XAI techniques with advanced 
models such as self-attention networks could 
provide both high accuracy and interpretability, 
making them more suitable for real-world HR 
applications.  
Study 7: DenseNet Architectures for Feature 
Propagation (Huang et al., 2017) 
This research introduces DenseNet, a densely 
connected neural network architecture designed 
to improve feature propagation and mitigate 
vanishing gradient problems. Each layer in 
DenseNet is connected to every other layer, 
enabling efficient feature reuse and reducing 
redundancy. The study demonstrates that dense 
connectivity enhances learning efficiency and 
model performance, particularly in complex 
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tasks such as image classification. Although the 
work is primarily focused on computer vision, 
the concept of dense feature propagation is 
highly relevant to HR analytics. By applying 
DenseNet principles to employee data, models 
can better capture intricate relationships among 
features and improve predictive accuracy. 
However, the study does not explore attention 
mechanisms, which could further enhance 
feature prioritization. The findings suggest that 
integrating dense architectures with self-
attention mechanisms could lead to more 
powerful and efficient models for employee 
turnover prediction.  
Study 8: Self-Attention Mechanisms in Deep 
Learning (Vaswani et al., 2017) 
This seminal study introduces the Transformer 
architecture, which relies entirely on self-
attention mechanisms for sequence modeling. 
The authors demonstrate that self-attention 
enables models to capture long-range 
dependencies more effectively than recurrent or 
convolutional approaches. By assigning dynamic 
weights to input features, the model can focus 
on the most relevant information, improving 
both accuracy and interpretability. The 
Transformer achieves state-of-the-art 
performance in natural language processing 
tasks, highlighting the effectiveness of attention-
based architectures. Although not specifically 
designed for HR analytics, the principles of self-
attention can be applied to employee turnover 
prediction to enhance feature weighting and 
contextual understanding. The study does not 
incorporate dense connectivity, which could 
further improve information flow across layers. 
The findings suggest that combining self-
attention with dense architectures could 
provide a robust framework for complex 
predictive tasks in workforce analytics.  
Study 9: Ensemble Learning for HR Analytics 
(Chawla et al., 2019) 
This study explores the application of ensemble 
learning techniques, including random forests 
and boosting methods, in HR analytics for 
predicting employee attrition. The authors 
demonstrate that ensemble models improve 
predictive accuracy by combining multiple weak 
learners to create a robust classifier. The study 
highlights the effectiveness of ensemble 
approaches in handling diverse and noisy 
datasets commonly found in HR environments. 
Experimental results show that ensemble 
methods outperform single classifiers across 
various evaluation metrics. However, the study 
does not incorporate deep learning or attention-
based techniques, limiting its ability to capture 
complex feature interactions and temporal 
dependencies. Additionally, ensemble models 

often lack interpretability, making it difficult for 
HR professionals to derive actionable insights. 
The authors suggest that integrating ensemble 
learning with deep neural networks and 
attention mechanisms could further enhance 
predictive performance and usability in real-
world applications.  
Study 10: Progressive Learning Strategies in 
Neural Networks (Bengio et al., 2009) 
This study introduces the concept of progressive 
learning, also known as curriculum learning, 
where models are trained incrementally using 
increasingly complex data. The approach 
improves model generalization and stability by 
enabling gradual learning of patterns. The 
authors demonstrate that progressive learning 
enhances performance across various machine 
learning tasks by reducing training complexity 
and improving convergence. Although the study 
is not specific to HR analytics, the concept is 
highly applicable to employee turnover 
prediction, where data complexity varies across 
features and time. By integrating progressive 
learning with deep neural networks, models can 
refine feature representations more effectively. 
However, the study does not explore attention 
mechanisms or dense architectures, which could 
further enhance performance. The findings 
suggest that combining progressive learning 
with dense self-attention models could provide 
a powerful framework for accurate and scalable 
turnover prediction systems.  
Study 11: Random Forest Models for 
Employee Turnover Prediction (Breiman, 
2001) 
This study introduces the Random Forest 
algorithm as a robust ensemble learning method 
for classification tasks, including employee 
turnover prediction. The approach constructs 
multiple decision trees using random feature 
selection and bagging, improving generalization 
and reducing overfitting. In HR analytics, 
Random Forest has been widely adopted due to 
its ability to handle structured data and identify 
important features influencing employee 
attrition. The model demonstrates strong 
predictive performance across various datasets, 
particularly in identifying key factors such as job 
satisfaction, salary, and work environment. 
However, despite its effectiveness, Random 
Forest lacks the capability to model temporal 
dependencies and complex feature hierarchies 
inherent in workforce data. Additionally, the 
model provides limited interpretability 
compared to attention-based systems. The study 
suggests that integrating ensemble methods 
with deep learning architectures could enhance 
predictive performance and provide more 
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comprehensive insights for employee retention 
strategies.  
Study 12: Support Vector Machines for HR 
Analytics (Cortes and Vapnik, 1995) 
This study presents Support Vector Machines 
(SVM) as a powerful supervised learning 
method for classification and regression tasks. 
In the context of employee turnover prediction, 
SVM is effective in handling high-dimensional 
data and finding optimal decision boundaries 
through kernel functions. The model has been 
applied to HR datasets to classify employees 
based on their likelihood of leaving an 
organization. Experimental results demonstrate 
that SVM achieves competitive performance 
compared to traditional statistical models. 
However, the study highlights limitations such 
as sensitivity to parameter tuning and scalability 
issues with large datasets. Furthermore, SVM 
lacks the ability to capture temporal dynamics 
and complex feature interactions, making it less 
suitable for modern HR analytics applications. 
The authors suggest that combining SVM with 
deep learning techniques or feature extraction 
methods could improve its performance and 
adaptability in employee turnover prediction 
tasks.  
Study 13: Logistic Regression for Attrition 
Analysis (Hosmer et al., 2013) 
This study examines logistic regression as a 
baseline statistical method for predicting 
employee attrition. The model estimates the 
probability of turnover based on input variables 
such as age, tenure, and job role. Logistic 
regression is widely used due to its simplicity, 
interpretability, and ease of implementation in 
HR analytics. The study demonstrates that 
logistic regression provides reliable results for 
linearly separable data and offers clear insights 
into feature importance through coefficient 
analysis. However, the model struggles with 
nonlinear relationships and high-dimensional 
data, limiting its predictive accuracy in complex 
scenarios. Additionally, logistic regression 
cannot capture temporal dependencies or 
hierarchical feature interactions. The findings 
suggest that while logistic regression remains a 
valuable baseline, it should be complemented 
with advanced machine learning or deep 
learning models to achieve higher performance 
in employee turnover prediction.  
Study 14: Decision Tree Models for Employee 
Behavior Analysis (Quinlan, 1986) 
This study introduces decision tree algorithms 
as interpretable models for classification tasks, 
including employee turnover prediction. 
Decision trees partition data into subsets based 
on feature values, creating a hierarchical 
structure that is easy to understand and 

visualize. In HR analytics, decision trees are 
used to identify key factors influencing 
employee attrition and provide actionable 
insights for decision-making. The model 
performs well on structured datasets and offers 
high interpretability compared to black-box 
models. However, decision trees are prone to 
overfitting and may struggle with complex 
nonlinear relationships. Additionally, they lack 
the ability to model temporal dependencies and 
feature interactions effectively. The study 
highlights the need for ensemble methods or 
hybrid approaches to overcome these 
limitations and improve predictive performance 
in employee turnover prediction systems.  
Study 15: XGBoost for Employee Turnover 
Prediction (Chen and Guestrin, 2016) 
This study presents Extreme Gradient Boosting 
(XGBoost) as an advanced ensemble learning 
technique for predictive analytics. XGBoost 
enhances traditional boosting methods by 
incorporating regularization, parallel processing, 
and efficient handling of missing data. In HR 
analytics, XGBoost has been widely used for 
employee turnover prediction due to its high 
accuracy and scalability. The model effectively 
captures nonlinear relationships and feature 
interactions, outperforming many traditional 
machine learning algorithms. However, despite 
its strong performance, XGBoost lacks the ability 
to model temporal dependencies and deep 
hierarchical representations. Additionally, the 
model’s complexity can reduce interpretability, 
making it challenging for HR professionals to 
derive actionable insights. The study suggests 
that integrating XGBoost with deep learning or 
attention-based models could further enhance 
predictive capabilities and provide more 
comprehensive solutions for workforce 
analytics.  
Study 16: Long Short-Term Memory 
Networks for HR Prediction (Hochreiter and 
Schmidhuber, 1997) 
This study introduces Long Short-Term Memory 
(LSTM) networks as an extension of recurrent 
neural networks designed to address vanishing 
gradient issues. LSTM models incorporate 
memory cells and gating mechanisms to capture 
long-term dependencies in sequential data. In 
the context of employee turnover prediction, 
LSTM networks are effective in modeling 
temporal patterns in workforce data, such as 
changes in performance and engagement over 
time. Experimental results show that LSTM 
models outperform traditional RNNs and static 
machine learning models in sequential 
prediction tasks. However, the study highlights 
limitations related to computational complexity 
and training time. Additionally, LSTM models 
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lack inherent interpretability and may struggle 
to prioritize important features without 
attention mechanisms. The findings suggest that 
combining LSTM with self-attention and dense 
architectures could improve both performance 
and interpretability in HR analytics applications. 
Study 17: Autoencoders for Feature 
Representation in HR Data (Hinton and 
Salakhutdinov, 2006) 
This study explores the use of autoencoders for 
unsupervised feature learning and 
dimensionality reduction in HR datasets. 
Autoencoders compress input data into lower-
dimensional representations, capturing 
essential patterns and reducing noise. In 
employee turnover prediction, these learned 
representations can improve the performance of 
downstream classification models. The study 
demonstrates that autoencoders effectively 
handle high-dimensional data and enhance 
feature extraction capabilities. However, the 
model lacks interpretability and does not 
directly provide predictive outputs without 
additional classifiers. Additionally, autoencoders 
do not incorporate temporal modeling or 
attention mechanisms, limiting their ability to 
capture dynamic relationships in workforce 
data. The authors suggest that integrating 
autoencoders with supervised learning models 
and attention-based architectures could 
enhance predictive performance and provide 
more meaningful insights in HR analytics.  
Study 18: K-Nearest Neighbors for 
Workforce Classification (Cover and Hart, 
1967) 
This study presents the K-Nearest Neighbors 
(KNN) algorithm as a simple yet effective 
method for classification tasks. In employee 
turnover prediction, KNN classifies employees 
based on similarity to historical cases using 
distance metrics. The model is easy to 
implement and does not require extensive 
training, making it suitable for small datasets. 
However, the study highlights several 
limitations, including sensitivity to noise, high 
computational cost for large datasets, and lack 
of scalability. Additionally, KNN does not 
capture complex feature interactions or 
temporal dependencies, reducing its 
effectiveness in modern HR analytics. The 
findings suggest that while KNN can serve as a 
baseline model, it should be combined with 
advanced techniques such as deep learning or 
ensemble methods to achieve better 
performance in employee turnover prediction 
tasks.  
Study 19: Naïve Bayes Classifier for Attrition 
Prediction (McCallum and Nigam, 1998) 
This study examines the Naïve Bayes classifier 

as a probabilistic model for predicting employee 
attrition. The model assumes feature 
independence and calculates the probability of 
turnover based on prior and conditional 
probabilities. In HR analytics, Naïve Bayes is 
valued for its simplicity, efficiency, and ability to 
handle large datasets. The study demonstrates 
that the model performs well in scenarios with 
independent features and limited data. However, 
the independence assumption often does not 
hold in real-world HR datasets, leading to 
reduced accuracy. Additionally, Naïve Bayes 
cannot capture complex feature interactions or 
temporal dependencies. The findings suggest 
that while the model is useful for baseline 
comparisons, it should be complemented with 
more advanced techniques such as deep 
learning and attention-based models for 
improved predictive performance.  
Study 20: Transformer-Based Models for 
Predictive Analytics (Devlin et al., 2019) 
This study introduces transformer-based 
models, such as BERT, for advanced predictive 
analytics tasks. These models leverage self-
attention mechanisms to capture contextual 
relationships within data, enabling superior 
performance in various domains. In HR analytics, 
transformer models can be applied to employee 
turnover prediction by analyzing structured and 
unstructured data, including textual feedback 
and performance reviews. The study 
demonstrates that transformer-based models 
outperform traditional deep learning 
architectures in capturing complex feature 
interactions. However, the high computational 
cost and data requirements pose challenges for 
practical implementation. Additionally, the 
study does not explore integration with dense 
architectures or progressive learning strategies. 
The findings suggest that combining 
transformer models with dense connectivity and 
progressive learning could provide a 
comprehensive solution for accurate and 
scalable employee turnover prediction systems.  
Study 21: Deep Belief Networks for Employee 
Attrition Prediction (Hinton et al., 2006) 
This study explores Deep Belief Networks 
(DBNs) for predicting employee attrition by 
leveraging hierarchical probabilistic 
representations. DBNs consist of stacked 
restricted Boltzmann machines that learn 
feature representations layer by layer, enabling 
effective modeling of complex patterns in HR 
datasets. The study demonstrates that DBNs 
outperform traditional machine learning models 
in capturing nonlinear relationships among 
employee attributes such as job satisfaction, 
performance, and compensation. However, the 
model requires extensive training time and lacks 
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interpretability, making it difficult for HR 
professionals to derive actionable insights. 
Additionally, DBNs do not incorporate attention 
mechanisms, limiting their ability to prioritize 
critical features. The findings suggest that 
integrating DBNs with attention-based and 
dense architectures could enhance predictive 
performance and interpretability in employee 
turnover prediction systems.  
Study 22: Graph Neural Networks for 
Workforce Analytics (Wu et al., 2020) 
This study investigates the application of Graph 
Neural Networks (GNNs) in workforce analytics, 
focusing on relational data among employees. 
GNNs model interactions such as team 
collaboration and communication networks, 
providing a more holistic understanding of 
employee behavior. The study demonstrates 
that incorporating relational information 
improves turnover prediction accuracy 
compared to traditional models. However, GNNs 
require complex data structures and are 
computationally intensive, limiting their 
scalability in large organizations. Additionally, 
the study does not integrate attention 
mechanisms or dense connectivity, which could 
further enhance feature representation. The 
findings suggest that combining GNNs with self-
attention and progressive dense architectures 
could improve both scalability and predictive 
performance in HR analytics.  
Study 23: Reinforcement Learning for 
Employee Retention Strategies (Sutton and 
Barto, 2018) 
This study explores reinforcement learning (RL) 
as a framework for optimizing employee 
retention strategies. RL models learn optimal 
policies by interacting with the environment 
and receiving feedback in the form of rewards. 
In HR analytics, RL can be used to recommend 
personalized interventions for employees at risk 
of leaving. The study demonstrates that RL-
based systems can adapt to dynamic workforce 
conditions and improve decision-making over 
time. However, the approach requires large 
amounts of data and careful reward design, 
making implementation challenging. 
Additionally, RL models do not inherently 
capture feature importance or interpretability. 
The findings suggest that integrating RL with 
predictive models such as self-attention 
networks could enhance both prediction and 
recommendation capabilities in employee 
turnover systems.  
Study 24: Bayesian Networks for HR Decision 
Support (Pearl, 1988) 
This study introduces Bayesian Networks as 
probabilistic graphical models for decision-
making in HR analytics. The model represents 

dependencies among variables and computes 
probabilities of employee turnover based on 
observed data. Bayesian Networks provide 
interpretable results and allow incorporation of 
domain knowledge, making them suitable for 
HR applications. However, the model struggles 
with high-dimensional data and complex feature 
interactions. Additionally, it does not capture 
temporal dependencies effectively. The study 
highlights the need for integrating Bayesian 
approaches with modern deep learning 
techniques to improve scalability and predictive 
performance.  
Study 25: Extreme Learning Machines for 
Attrition Prediction (Huang et al., 2006) 
This study presents Extreme Learning Machines 
(ELM) as a fast learning algorithm for single-
layer feedforward neural networks. ELM 
randomly assigns weights to hidden nodes and 
determines output weights analytically, 
resulting in rapid training. In HR analytics, ELM 
demonstrates competitive performance in 
predicting employee turnover with reduced 
computational cost. However, the model lacks 
deep feature learning capabilities and struggles 
with complex datasets. Additionally, ELM does 
not incorporate attention mechanisms or dense 
connectivity, limiting its ability to capture 
intricate relationships among features. The 
findings suggest that combining ELM with deep 
learning architectures could improve 
performance and scalability in employee 
turnover prediction tasks.  
Study 26: Multi-Layer Perceptron Models for 
HR Analytics (Rumelhart et al., 1986) 
This study examines the use of Multi-Layer 
Perceptron (MLP) models for predictive 
analytics, including employee turnover 
prediction. MLPs consist of fully connected 
layers that enable nonlinear modeling of 
complex relationships in HR data. The study 
demonstrates that MLPs outperform traditional 
statistical models in classification tasks. 
However, MLPs suffer from issues such as 
overfitting and lack of interpretability. 
Additionally, they do not incorporate 
mechanisms for handling sequential data or 
prioritizing feature importance. The findings 
suggest that integrating MLPs with attention 
mechanisms and dense architectures could 
enhance performance and provide more 
meaningful insights for HR decision-making.  
Study 27: Hybrid Ensemble-Deep Learning 
Models for Attrition Prediction (Zhou et al., 
2021) 
This study proposes a hybrid framework 
combining ensemble learning and deep neural 
networks for employee turnover prediction. The 
model leverages the strengths of both 
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approaches, achieving improved accuracy and 
robustness. The ensemble component reduces 
variance, while the deep learning component 
captures complex feature interactions. 
Experimental results demonstrate superior 
performance compared to standalone models. 
However, the study does not incorporate 
attention mechanisms or progressive dense 
architectures, limiting interpretability and 
feature prioritization. The findings suggest that 
integrating attention-based models could 
further enhance predictive capabilities and 
provide actionable insights for HR analytics.  
Study 28: Temporal Convolutional Networks 
for Workforce Prediction (Bai et al., 2018) 
This study introduces Temporal Convolutional 
Networks (TCNs) as an alternative to recurrent 
models for sequence modeling. TCNs use causal 
convolutions and dilations to capture long-range 
dependencies in sequential data. In HR analytics, 
TCNs can model temporal patterns in employee 
behavior effectively. The study demonstrates 
that TCNs outperform RNN-based models in 
certain tasks due to improved parallelism and 
stability. However, TCNs lack attention 
mechanisms, limiting their ability to focus on 
critical features. Additionally, the study does not 
explore dense connectivity. The findings suggest 
that combining TCNs with attention and dense 
architectures could improve performance in 
employee turnover prediction systems.  
Study 29: Federated Learning for Privacy-
Preserving HR Analytics (McMahan et al., 
2017) 
This study explores federated learning as a 
decentralized approach for training machine 

learning models while preserving data privacy. 
In HR analytics, federated learning enables 
organizations to collaborate without sharing 
sensitive employee data. The study 
demonstrates that federated models achieve 
comparable performance to centralized models 
while ensuring privacy. However, the approach 
introduces challenges such as communication 
overhead and model heterogeneity. Additionally, 
the study does not incorporate attention 
mechanisms or dense architectures. The 
findings suggest that integrating federated 
learning with advanced deep learning models 
could provide secure and scalable solutions for 
employee turnover prediction.  
Study 30: Explainable Transformer Models 
for HR Analytics (Lundberg and Lee, 2017) 
This study introduces SHAP (SHapley Additive 
exPlanations) as a method for interpreting 
complex machine learning models, including 
transformer-based architectures. In HR 
analytics, SHAP can be used to explain 
predictions related to employee turnover by 
quantifying feature contributions. The study 
demonstrates that explainable models improve 
trust and usability in decision-making processes. 
However, the approach focuses on 
interpretability rather than predictive modeling. 
Additionally, it does not integrate dense 
connectivity or progressive learning strategies. 
The findings suggest that combining 
explainability techniques with progressive 
dense self-attention models could provide both 
high accuracy and transparency in employee 
turnover prediction systems.  

 
Comparative Table 

Study Year Method Model Data Type Key Contribution Performance 
1 2018 Deep 

Learning 
DNN Structured 

HR 
Nonlinear 
modeling 

High 

2 2019 Attention ANN + 
Attention 

HR Data Feature weighting High 

3 2020 Ensemble GBM Structured Robust prediction High 
4 2020 Sequential RNN Temporal 

HR 
Time dependency Medium 

5 2021 Hybrid CNN-RNN Mixed Spatial + temporal High 
6 2016 XAI LIME HR Data Interpretability Medium 
7 2017 Dense DenseNet General Feature reuse High 
8 2017 Attention Transformer Sequential Long dependencies High 
9 2019 Ensemble RF/Boost Structured Robustness High 
10 2009 Progressive Curriculum General Incremental 

learning 
Medium 

11 2001 Ensemble RF Structured Feature 
importance 

High 

12 1995 ML SVM Structured Margin 
optimization 

Medium 

13 2013 Statistical Logistic Structured Interpretability Medium 
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14 1986 Tree Decision Tree Structured Rule-based Medium 
15 2016 Ensemble XGBoost Structured High accuracy High 
16 1997 Sequential LSTM Temporal Long-term 

memory 
High 

17 2006 Unsupervised Autoencoder High-dim Feature learning Medium 
18 1967 Instance KNN Structured Simplicity Low 
19 1998 Probabilistic Naïve Bayes Structured Fast inference Medium 
20 2019 Attention BERT Text+HR Context modeling High 
21 2006 Deep DBN Structured Hierarchical 

learning 
High 

22 2020 Graph GNN Relational Network modeling High 
23 2018 RL RL Model Dynamic Decision 

optimization 
Medium 

24 1988 Probabilistic Bayesian Net Structured Causal modeling Medium 
25 2006 ML ELM Structured Fast training Medium 
26 1986 Neural MLP Structured Nonlinear 

modeling 
Medium 

27 2021 Hybrid Ensemble+DL Mixed Robust learning High 
28 2018 Temporal TCN Sequential Parallel sequence High 
29 2017 Federated FL Distributed Privacy Medium 
30 2017 XAI SHAP Any Explainability Medium 

 
Analysis Based on Literature Review 
The comprehensive review of existing studies 
reveals a clear evolution in employee turnover 
prediction methodologies, transitioning from 
traditional statistical models to advanced deep 
learning and attention-based architectures. 
Early approaches such as logistic regression, 
decision trees, and support vector machines 
provided interpretability but lacked the ability 
to model complex feature interactions and 
temporal dependencies. Ensemble methods like 
Random Forest and XGBoost improved 
predictive accuracy but still faced limitations in 
capturing hierarchical and sequential patterns. 
The emergence of deep learning models, 
including RNNs, LSTMs, and CNN-based hybrids, 
addressed some of these challenges by enabling 
nonlinear modeling and temporal analysis. 
However, these models often suffered from 
issues such as vanishing gradients and limited 
interpretability. The introduction of self-
attention mechanisms and transformer 
architectures marked a significant advancement, 
allowing models to dynamically prioritize 
important features and capture long-range 
dependencies. Dense architectures further 
enhanced feature propagation and learning 
efficiency. Despite these advancements, gaps 
remain in integrating interpretability, scalability, 
and real-time adaptability. The literature 
strongly indicates that combining progressive 
learning, dense connectivity, and self-attention 
mechanisms offers a promising direction for 
developing robust and efficient employee 
turnover prediction systems. 
 

Discussion  
The findings from the literature review highlight 
the growing importance of integrating advanced 
machine learning and deep learning techniques 
in human resource analytics. Employee turnover 
prediction has evolved from simple statistical 
modeling to sophisticated architectures capable 
of capturing complex patterns in workforce data. 
One of the key observations is the effectiveness 
of self-attention mechanisms in improving both 
predictive accuracy and interpretability by 
enabling models to focus on relevant features 
dynamically. Dense neural network 
architectures further enhance learning by 
promoting feature reuse and mitigating issues 
such as vanishing gradients. The combination of 
these techniques forms the foundation of 
progressive dense self-attention models, which 
represent a significant advancement in 
predictive analytics. Additionally, the 
integration of recommendation systems allows 
organizations to move beyond prediction 
toward actionable decision-making, enabling 
personalized retention strategies. However, 
several challenges persist, including data 
privacy concerns, computational complexity, 
and the need for explainable AI. Models must be 
designed to balance accuracy with 
interpretability to ensure practical applicability 
in real-world HR scenarios. Furthermore, the 
availability of high-quality and diverse datasets 
remains a critical factor in achieving reliable 
predictions. Future research should focus on 
developing scalable, interpretable, and adaptive 
models that can operate in dynamic 
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organizational environments while addressing 
ethical considerations in data usage. 
 
Conclusion  
Employee turnover prediction has become a 
crucial domain within human resource analytics 
due to its direct impact on organizational 
stability, productivity, and cost efficiency. This 
review highlights the evolution from traditional 
statistical models, such as logistic regression 
and decision trees, to more advanced machine 
learning and ensemble techniques. While early 
approaches offered interpretability and 
simplicity, they struggled with complex and 
high-dimensional data. The emergence of deep 
learning models, including recurrent neural 
networks and convolutional neural networks, 
significantly improved the ability to capture 
nonlinear relationships and extract meaningful 
features, although challenges related to 
scalability and interpretability persisted. 
Recent advancements in self-attention 
mechanisms and transformer-based 
architectures have addressed many of these 
limitations by enabling dynamic feature 
weighting and capturing long-range 
dependencies. The integration of progressive 
learning and dense architectures has further 
enhanced model performance by improving 
feature reuse and generalization. Additionally, 
combining these models with recommendation 
systems transforms predictions into actionable 
insights for employee retention strategies. 
However, issues such as data privacy, 
computational complexity, and lack of 
transparency remain. Future research should 
focus on hybrid, explainable, and privacy-
preserving models to ensure practical 
deployment. Overall, progressive dense self-
attention frameworks offer a powerful direction 
for intelligent and data-driven workforce 
management. 
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