Journal of Computational Analysis and Applications VOL. 34, NO. 1, 2025

Data-Driven Insights and Predictive Modelling for Employee
Attrition: A Comprehensive Analysis Using Statistical and
Machine Learning Techniques

#LAnish Kumar Srivastava, *2 Dr. Deepti Patnaik

#1 Research Scholar, Department of Management, Kalinga University, Raipur, India- 492001 & Professor, Department of
Management, Kommuri Pratap Reddy Institute of Technology (KPRIT), Hyderabad, India -500088

#2 Assistant Professor, Department of Management, Kalinga University, Raipur, India- 492001

ABSTRACT

Employee attrition are some important challenges of the organization that affect the stability,
operational efficiency, and long-term competitiveness of the organization. Due to a higher
attrition rate, the costs can be immense recruitment, training, and decreased engagement
directly hit productivity as well as team cohesion and service quality. This research examines
the determinants of attrition, including individuation, institutional and external determinants,
and explores how data analytics can be utilized for patterns and mitigate these issues. Structured
datasets and more complex modelling techniques allow organizations to highlight employees likely
to leave at an early stage, followed by retention strategies that engage with causes, not just

symptoms, and improve retention at the same time.

The paper discusses various predictive modelling methods, from traditional statistical methods
to contemporary ML and DL methods and their applications, advantages, disadvantages.
Model performance improvement also incorporates feature engineering and selection, such as
the addition to the model of new variables based on domain knowledge and/or unstructured
data. The evaluation metrics (accuracy, precision, AUC-ROC, etc.) demonstrate the
capabilities of predictive models to augment workforce management, as do trends such as
Explainable Al (XAl), real-time analytics, etc. It also discusses challenges like data quality,
ethical styles, innovation, and transformation of organizational cultures. This study
emphasizes the need to embrace transparent fair algorithms that builds trust but at the same
time, need to be compliant to data protection requirements. The entire study delves deeply into
these questions while providing practical implications for HR stakeholders and business

leaders to strengthen employee retention efforts and build business resilience.

Keywords: Employee attrition, predictive analytics, machine learning, retention

strategies, feature engineering, Explainable Al, workforce management.
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1. Introduction

Employee attrition rate can be simply defined as the loss of employee’s Key challenges for
employers across the globe. This phenomenon is most commonly referred to as voluntary or
involuntary attrition, which can have considerable impacts on business continuity and
operational functionality [1]. Continue reading to find out how to retain employees who want
to jump ship by choice (voluntary attrition means that a person is leaving one organization for
another, often in search of better opportunities, improved work-life balance or a bigger pay
check). On the other hand, non-voluntary attrition occurs as a result of organization-wide
decisions, such as layoffs or firing. Whatever its cause, attrition is costly: It disrupts workflows,

raises recruitment costs and drains organizational knowledge.
1.1 Employee Retention Matters

Replacing an employee is costly, with estimates ranging from 50% to 200% of annual salary,
depending on the position and industry [2]. These costs can include those associated with
recruitment and onboarding a replacement, additional training expenses, and lost productivity
during the transition period. Excess attrition can undermine employee morale, erode team
cohesion, and diminish customer satisfaction. Industries that need constant interaction with
their customers like retail and hospitality are particularly impacted if experienced staff leave,

impacting service levels and customer loyalty.

It is worth noting that, employee retention is not just an HR (human resources) problem but
rather a strategic priority. Come as no surprise for the organizations that persist in retaining
their people have higher chances of innovating and reaching long-term goals, as well as their
competitive advantage. As a result, HR professionals and business leaders are making the

identification and mitigation of the root causes of attrition a top priority.
1.2 Employees Leaving Contributing Factors

Multiple causes exist behind employee turnover at personal, organisational and environmental
level. An individual's subsequent tendency to stay with an organization is influenced by
demographic factors, including age, marital status and family responsibilities. For example,
younger employees may be motivated by career growth and mobility and older employees
benefit and stability.
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Internal organizational factors are among of the most important reasons for employee
satisfaction and retention. Common drivers of attrition are low job satisfaction, lack of growth
opportunities, poor compensation, poor leadership, and inadequate recognition [3] The top
three reasons cited by employees for leaving their jobs are [4] In addition, things like work life
balance, remote working prospects and organizational culture greatly influence if an employee

stays or leaves.

Attrition rates are also affected by external factors such as economic conditions, industry
trends, and competition. People have more opportunities to jump employer in a healthy job
market, which encourages more voluntary attrition. Conversely, during periods of economic

downturn, attrition may decrease as employees cling to job security.
1.3 Predictive Analytics in Action

Over the last few years, predictive analytics has gained attention as a highly successful method
to deal with employee attrition. Using historical data, predictive models determine behaviour
and trends that lead to the probability of whether or not an employee will resign. As a result,
HR teams can proactively be introduced into strategies of talent retention, like career
development plans, training programs, and competitive compensation packages[10][13].

Data-driven decision-making changes the way HR practices are performed through predictive
analytics. Previously, efforts to retain employees were based on qualitative assessments and
anecdotal findings that tended to be subjective and variable. Objective and Actionable Insights
However, predictive models provide objective and actionable insights. An example is a model
that finds that in certain job functions, low job satisfaction scores lead to an increased risk for
attrition. With this information in hand, organizations can be equipped to reward specific pain

points.
1.4 The data set on “employee attrition classification”

Data science, like the example of "Employee Attrition Classification™, is becoming
increasingly popular in the field of work management. It shows the structured information like
demographic, job-related, organizational factors to fit model to predict attrition. Important
Features include features like: age, job role, monthly income, job satisfaction, years at the
company. In this case, the target variable is attrition status which tells whether the employee

has left or not. Table 1.1 illustrates the classification of employee attrition
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This dataset satisfies a critical need of organizations to proactively flag the risk of attrition
from their workforce. For example, high performers with low scores on satisfaction may need
immediate action, such as developmental opportunities focused on leadership or compensation
strategies. Patterns suggesting high levels of attrition in particular departments may suggest

review of management practices or the balance of work distribution.

1.5 Utilization of Predictive Models for Attrition Management

Use Cases How to Predict Attrition Predictive attrition model Use Cases Predictive attrition
models can be used in several use cases, for instance, to answer the questions: ‘“How
organizations can best plan their workforces to ensure they have a right mix of skills and
experience to meet predicted future demand” with them also providing underpinnings for
diversity and inclusion initiatives by highlighting differential attrition rates across demographic
groups. In addition, predictive models can enhance the worker experience by addressing
individualised issues before they become a problem. A company can display concern for
employee health with tailored retention strategies, such as personalized training programs or
mentorship opportunities, further fostering loyalty and engagement.

1.6 Challenges and Ethical Concerns

While predictive models of attrition can provide useful information, these tools are not without
their challenges. Data Challenges But the first barrier to model building includes data quality
and data availability, as bad data may ruin model performance. Apart from all this, the very
underlying data is frequently based on sensitive employee data, leading to debates risen on the
grounds of privacy and ethics of data. Data regulations to protect you (the ones like GDPR)
and strong safeguards in employee monitoring practices to maintain employees trust are
employer's need. The second challenge, equally important, is bias in predictive models.
Model-building that reinforces such practices as biased promotion could produce models that
entrench such inequalities even further. Fairness and transparency are essential for predictive

analytics to avoid unintended consequences[15][17].
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Table 1.1: Summary of Key Aspects, Benefits, and Challenges in Employee Retention
and Attrition Analysis

Importance of

Retention

Factors
Influencing
Attrition
Predictive

Analytics

Attrition Dataset

Applications of

Models

Challenges and
Ethics

High attrition
increases costs and
disrupts operations.
Personal,
organizational, and
external factors.

Uses data to identify
and mitigate attrition
risks.

Contains
demographic and job-
related data.
Workforce planning
and proactive
strategies.

Data privacy, quality,
and bias issues.

Improves innovation

and competitiveness.

Enables tailored

retention strategies.

Enables targeted

interventions.

Identifies high-risk

employees and patterns.

Enhances employee
engagement and
retention.

Builds trust with
transparency and

fairness.

Increases
recruitment and
training expenses.
Dynamic and
complex to address
fully.

Data quality and

potential biases.

Incomplete or
inaccurate data can
mislead.

Requires constant
updates for
relevance.

Ensuring ethical and
unbiased use of

models.

The paper is structured as follows: Section 1 Discusses the problem of employee attrition and

its effects on organizations. Section 2 discusses related work and attrition predictive modelling

approaches. Section 3 describes the methodology, including the data collection process, pre-

processing steps, and machine learning models for prediction. In Section 4, we report the

results for model evaluations, then we discuss. Section 5 is concluding remarks providing

recommendations to improve employee retention, implications for research[21][22].

2. Literature Review

Employee attrition is a very important phenomenon and we from around the world know that

it is a growing concern for companies as it is related to operational efficiency, stability of the

workforce and competitiveness of organizations. The role of statistical and machine learning
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(ML) techniques as data-driven approaches for analysing and predicting employee turnover
have positioned themselves as critical tools of the trade. This literature review, which summarizes
germane research in the field, from breakthroughs to challenges and opportunities, is the first in the

series.
2.1 Predictive model: Also referred to as attrition analysis

Employee attrition has been a heavily predictive modelling problem to solve after October
2023 Whereas logistic regression and their traditional statistical counterparts provide
straightforward explain ability. Machine learning algorithms overcome these constraints and
provide more accurate and flexible prediction. Random Forest (RF), Gradient Boosting
Machines (GBM), and Support Vector Machines (SVM) are another common set of selection
in the attribute studies. For instance, [5] implemented RF to classify employees as “at-risk”
and “not-at-risk,” reporting a significantly better predictive performance compared to classical
approach. This is in stark contrast to Zhao et al. A possible choice for large datasets with high
feature space diversity is ensemble learning [6]. Further, with the help of deep learning
models, specifically Neural Networks (NN), it has taken another leap advance in attrition
prediction. Introduced a deep learning framework similar to the AF-AFN that outperformed
traditional ML approaches by capturing high-order feature interactions and hierarchical
structure [7]. Yet, the deep learning is a "black-box™; failing to be interpretable, jeopardizing
the trust and confidence of stakeholders. Table 2.1 illustrates A Comparison of Predictive

Modelling Techniques.

Table 2.1 A Comparison of Predictive Modelling Techniques for Employee Attrition Analysis

Cannot handle

Simple and Used for demographic
Logistic Regression complex, nonlinear
interpretable. features.
data.
High accuracy, good Classified "at-risk"
Random Forest (RF) Less interpretable.
for large datasets. employees.
Handles diverse
Gradient Boosting Computationally Effective for large
features, strong
(GBM) intensive. datasets.
ensemble.
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Support Vector Effective in high- Struggles with very Common in attrition
Machines dimensional spaces. large datasets. studies.
Captures complex Lacks
Neural Networks Outperformed ML
patterns, high interpretability,
(NN) models.
accuracy. resource-heavy.

2.2 Feature Engineering and Selection

Feature engineering is key to improving the prediction strength of models. (I say domain-
specific to mean this is based on research down to the industry level, understanding that some
people will be more incentivized by work-life balance, some by type of pay, mean there are
potentially very few features that section themselves in this framework) [8] showed that
many types of derived features also greatly improve the model's performance, e.g. "tenure per
job role”. These most relevant predictors are determined using feature selection techniques like
recursive feature elimination or LASSO regression. Demonstrated that computational
efficiency can be improved with little or no loss of accuracy by reducing the dimensionality of
a high-dimensional dataset [9]. According to Kumar et al., another promising trend is the
integration of unstructured data like sentiment analysis from employee feedback. [10]. Table

2.2 illustrates Summary of Feature Engineering.

Tablel 2.2: Summary of Feature Engineering and Selection Techniques for Attrition

Prediction
Domain- Improves model
Work-life balance, Highlighted "tenure per job
Specific relevance and
compensation metrics role."
Features accuracy
Derived Tenure per job role, Adds predictive Enhanced performance with
Features engagement scores power to models derived features.
Reduces
Feature Improved computational
RFE, LASSO regression dimensionality,
Selection efficiency.

boosts efficiency

Unstructured | Sentiment analysis from Incorporates
Showcased sentiment analysis.
Data feedback qualitative insights
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Expands feature
Integration Combining structured Noted as a promising trend by
space for better
Methods and unstructured data various studies.
accuracy

2.3 Evaluation Metrics

One of the key aspects of adoption of the attrition models in practice is their performance
evaluation. Common metrics like accuracy, precision, recall, and F1-score are frequently
applied. Metrics like AUC-ROC (area under the ROC curve) and log loss, which account for
class distribution, offer a more comprehensive view of model performance, particularly in
imbalanced datasets. According to Park et al. AUC-ROC is especially suitable for measuring
models for attrition forecasting, because it accounts for the sensitivity vs specificity trade-off
[11]. A recent area of focus is cost-sensitive evaluation. Researchers ranging from [12] [13]
suggest that false positives and false negatives have financial implications, and promote the

use of cost metrics to assess models to better align with business needs.
2.4 Challenges in Attrition Modelling

The problem with Attrition Modelling There are several challenges in making prediction
models modelling attrition. Imbalanced Datasets Attrition datasets often contain an imbalance
where less employees left than who stayed. This imbalance results in predictions biased
towards the majority class. To overcome this problem, techniques like Synthetic Minority
Oversampling Technique (SMOTE) and Adaptive Synthetic Sampling (ADASYN) have been
suggested. For example, [14] applied SMOTE in replicating Stratification of Attrition datasets
and obtained accurate recall and precision. Ethical and Privacy Concerns The collection and
usage of sensitive data about employees raise ethical and legal questions. Implementation of
transparent and fair algorithms is vital to ensure compliance with data protection legal
frameworks (e.g., GDPR). As noted by [15] Anonymization and differential privacy
techniques can help minimize these risks and help build trust in predictive models. But attrition
is dynamic in nature Employee preferences and organizational dynamics change over time,
rendering many static models to gather dust. Such temporal trends have been addressed in
temporal modelling approaches including time-series analysis and recurrent neural networks
(RNN). Ahmed et al. Demonstrated the use of Long Short-Term Memory (LSTM) networks to

learn about vanished attrition behaviour over long periods of time [23][ 25].
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2.5 Trends of Attrition Studies

Explainable Artificial Intelligence (XAIl)The need for interpretable models initiated the use of
Explainable Artificial Intelligence (XAI) techniques. A compelling way to deal with this is to
rely on tools like SHAP (Shapley Additive Explanations) and LIME (Local Interpretable
Model-Agnostic Explanations) which shed light on how different features affect model
predictions and thereby translate to stakeholder trust. For instance, [16] applied SHAP to find
significant determinant of attrition, allowing human resource department to strategize relevant
treatments. Multimodal Data Integration Integrating structured and unstructured data such as
employee records and survey responses ensures model robustness. [17] introduced a
multimodal framework that integrated sentiment analysis with numerical features, achieving
enhanced prediction accuracy for attrition. Predictive models are integrated with Human
Resource Management Systems (HRMS) to provide real-time analytics and make decisions.
The use of real-time models allows businesses to act ahead of time, as demonstrated by [18].
Context-Aware Models Context-aware modeling accounts for organizational and industry-
specific characteristics, enhancing prediction generalizability. A study by [19] discussed that
models must be adapted to generic organizational cofigurations (e.g., hierarchical structures)

market conditions, etc. Table 2.3 illustrates Emerging Trends and Techniques in Attrition

Research
Table 2.3: Emerging Trends and Techniques in Attrition Research
Enhances Luo et al.: Used
Explainable interpretabilit SHAP to identi
P SHAP, LIME P / . . Y
Al (XAI) and stakeholder critical attrition
trust factors.

) o Tan et al.: Integrated
Multimodal =~ Combining structured and = Improves model ) )
sentiment analysis

Data unstructured data (e.g., robustness and ) )
) ) ) with numerical
Integration sentiment analysis) accuracy
features.
) Integration with HRMS Zhao et al.: Applied
Real-Time ) . Enables )
) for real-time decision- ) real-time models for
Analytics ) proactive )
making employee retention.
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retention
strategies
_ Rajan et al.: Focused
Tailored models for Improves ) )
Context- o o on hierarchical
organizational and prediction
Aware Models structures and

industry-specific factors | generalizability -
market conditions.

3. Methodology

Employee attrition, defined as the voluntary or involuntary departure of employees from an
organization, is a critical issue for businesses. Employee attrition can lead to high recruitment
and training costs and a loss of valuable knowledge. Predicting employee leave is a task that
is crucial for departments of human resources and companies in general. Thanks to the
improvement of machine learning, many predictive models have been proposed over the years
to cope with this. (Machine Learning Frameworks: Image, Text, Video Analysis) [20] Among
these are RNNs and LSTMs, layered with traditional machine learning models like Decision

Trees and Linear regression which show good classification performance.

In this article, we used three machine learning models RNN-LSTM Hybrid Model, Decision
Tree, and Linear Regression respectively to predict the employee attrition [21]. We are going
to assess how effective these models are on a dummy dataset with employee related

information and attrition outcome.
3.1 Data preprocessing and distances computing

We now have overview of the libraries that we will be using, designing and building models,
but before that, the data needs to be collected and pre-processed. In this paper, we consider a
dataset containing different employee features, such as demographic data, job satisfaction,
performance rating, monthly income, and the number of months the employee has worked at
the company. Finally, our y variable is attrition, with the value stayed handling cases where
employee stayed at the company and left handling cases where the employee left the company.

364 Anish Kumar Srivastava al 355-387



Journal of Computational Analysis and Applications VOL. 34, NO. 1, 2025

A. Data Collection

The dataset used in this work comprises the following features: Demographics of Employees:
Age, Gender, Job Role, Monthly Income, Education Level | have worked with dozens of
Fortunes 500 companies in various fields/industries. Stat in Employee Engagement: Number
of Promotions, Number of Dependents, Job Level Company information: Company size,
Company experience, Leadership opportunities Target Variable (Attrition): If the employee

has left (usually specified as “Left”) or now stayed (usually specified as “Stayed”)
B. Data Preprocessing

The first step on machine learning Data pre-processing the dataset was pre-processed using

the following steps:

a) Dealing with Missing Values: Missing values are a very common problem in real-
world datasets. We imputed missing values for numerical variables using the mean or
median and for categorical variables using the mode.

b) Handling the Categorical Data: Using one-hot encoding or label encoding, categorical
features in the dataset like "Gender,” "Job Role,” and "Work-Life Balance" were
converted into numerical forms which are machine-readable.

c) Scaling Features: Normalized continuous variables such as "Age," "Monthly Income,"
and "Company Tenure" with StandardScaler so that they did not dominate the model
training process.

d) Train-Test Split: To make sure the model's performance was assessed on data he didn't

see, we split the dataset into training (80%) and testing (20%) sets.
3.2 Model Building

In this paper, we present three ML models Decision Tree, Linear Regression and RNN-LSTM
that are used on employee attrition data. The models here represent different ways to approach
the question of whether an employee will stay or leave. While the Decision Tree gives
interpretable results due to the decision rules learned, Linear Regression has the continuous
prediction, and RNN-LSTM captures the relationship across the sequence of data. The
objective of this comparison is to find the most effective model for employee attrition
prediction[26][29].

365 Anish Kumar Srivastava al 355-387



Journal of Computational Analysis and Applications VOL. 34, NO. 1, 2025

3.2.1 Decision Tree Classifier

A non-linear model that partitions its data recursively through features values to classify the
data into multiple classes. Decision trees make decisions based on a trail from the root of the
tree to a leaf; the leaf represents the predicted class [21].

A. Model Architecture
Building a decision tree classifier involves several steps:

Splitting Criterion: The decision tree divides the dataset at each node using the feature that
optimally separates classes according to either Gini impurity or entropy. You build the tree in
such a way that first, you split based on whether an employee’s job satisfaction is high or low

since this may be a strong predictor to look at in determining an employee’s risk of attrition.

Depth of Tree: To prevent overfitting we control the depth of the tree that we get. Deeper trees

might learn more noise as well and overfit the training data.

Pruning: Its applied post-pruning or pre-pruning strategies to mitigate the complexity of the

tree and capture noise.
B. Train and Evaluate the Model

Accuracy The decision tree model is trained on the training set and evaluted on the test set

using accuracy and other classification metrics.

Feature Importance: Decision trees can provide insight on feature importance scores, which

can be beneficial for understanding the most influential factors affecting employee attrition.
C. Justification of Decision Tree Mathematically.

As the RNN-LSTM hybrid model is well suited for sequence-based data, it is very interesting
to see how it compared with traditional building blocks like Decision Trees and Linear

Regression.
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a). Decision Tree: Mathematical Formulation

A Decision Tree is a flowchart-like model where the data is split based on feature values, and
each split aims to reduce uncertainty [22]. The splitting criterion is often based on Gini impurity

or information gain.

e Gini Impurity:

k
Gini(t)=1 —Z p?
-

L
Where:
e p; is the probability of class i in node t.
e [k is the number of classes.
The goal is to split the data such that the resulting subsets have minimal impurity, improving

the decision-making process.

Algorithm 1 Decision Tree Model for Employee Attrition Classification

Algorithm 1: Decision Tree Model for Employee Attrition Classification

Input:
X = Input features (employee data like job satisfaction, age, etc.)
y = Target variable (employee attrition: left or stayed)
max_depth = Maximum depth of the decision tree
min_samples_split = Minimum samples required to split an internal node
test_size = Proportion of data to be used for testing
Output:
y_pred = Predicted employee attrition (left or stayed)
Initialization:
1. Load the dataset with employee attributes and target (attrition).
2. Preprocess the data (handle missing values, encode categorical variables, and scale
continuous features).
3. Split the dataset into training and testing sets (using test_size).
LOOP Process:

4. Initialize the Decision Tree classifier.
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5. Set the following parameters for the Decision Tree:
a. max_depth = max_depth (limit the depth of the tree to prevent overfitting)
b. min_samples_split = min_samples_split (minimum samples required to split an internal
node)
6. Train the Decision Tree model using:
a. X_train, y_train
7. Evaluate the model on the test set:
a. Evaluate accuracy, precision, recall, F1-score, etc., using the test set (X_test, y_test)
8. Print the evaluation metrics (accuracy, precision, recall, etc.).
9. Make predictions on the test set:
a.y_pred = model.predict(X_test)
b. Convert predictions into binary labels:
ify pred>0.5theny pred =1 (Left)
else y pred = 0 (Stayed)
Return:

y_pred = Predicted employee attrition (left or stayed)

3.2.2 Linear Regression

Linear Regression a simple yet interpretable regression model, predicting a continuous
outcome / a target variable from a linear-based relationship with input features [23]. linear
regression, in the context of employee attrition, can be transformed into binary classification
by generating a probability score and applying a threshold to identify whether an employee

will stay or leave.

Linear regression: it is used to find the best-fit line by minimizing the residual sum of squares
where residuals are the difference between predicted values and the actual values. In the case
of binary classification, the linear regression model's output is passed through a sigmoid
function to bring the continuous output into the range of [0,1] which is interpreted as a
probability [24].
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3.3. Mathematical Representation of Linear Regression

Linear Regression is one of the simplest models available which assumes output as linear
combination of input variables. The model explores the weight that minimizes the residual
sum of squares:

y'=X0+¢€
Where:
e y"is the predicted value (in the case of binary classification, it's a probability),
e X is the input feature matrix,
e ¢ is the weight vector,
® ¢ isthe error term.

For binary classification, the output of the linear regression model is passed through a sigmoid

function to map the prediction to a probability:

P(y:].lX):O'(XH):m

Where:

e P(y =11 X)isthe probability that the employee will leave the company,

e o is the sigmoid function.

Algorithm 2: Linear Regression Model for Employee Attrition Classification

Input:
X = Input features (employee data like job satisfaction, age, etc.)
y = Target variable (employee attrition: left or stayed)
epochs = Number of epochs for training
batch_size = Size of each mini-batch for training
test_size = Proportion of data to be used for testing
Output:
y_pred = Predicted employee attrition (left or stayed)
Initialization:

1. Load the dataset with employee attributes and target (attrition).
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2.

Preprocess the data (handle missing values, encode categorical variables, and scale

continuous features).

3.

Split the dataset into training and testing sets (using test_size).

LOOP Process:

4.
5.
6.

Initialize the Linear Regression model.

Add an intercept term for the linear regression model.

Train the model using the training data:

a. X_train, y_train

b. Use gradient descent or closed-form solution (normal equation) to find optimal weights

(coefficients).

. Evaluate the model on the test set:

a. Calculate Mean Squared Error (MSE) or other relevant regression metrics.

. Print the test performance metrics (MSE, R-squared).

. Make predictions:

a.y_pred = model.predict(X_test)

b. Convert the continuous predicted values into binary labels using a threshold of 0.5:
ify pred>0.5theny pred =1 (Left)
else y pred = 0 (Stayed)

Return:

y_pred = Predicted employee attrition (left or stayed)

3.4 Recurrent Neural Network (RNN) - Long Short-Term Memory (LSTM) Hybrid
Model

RNNs and LSTMs are deep learning models for sequence data, with LSTMs addressing RNNSs'

vanishing gradient issue to capture long-term dependencies. In employee attrition, sequential

data like job satisfaction and performance can predict decisions to leave or stay [25]. The RNN-
LSTM hybrid model includes:

Input Layer: Reshapes features into a 3D tensor for sequential input.
RNN Layer: Learns short-term dependencies with 64 units.
LSTM Layer: Captures long-term dependencies with 64 units.

Dense Layer: Outputs attrition probability using a sigmoid activation function.
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e Dropout Layer: Prevents overfitting with a 0.2 dropout rate.
A. Model Training and Evaluation

e Loss Function: Binary cross-entropy loss is used as the target variable is binary
(Attrition: Left or Stayed).

e Optimizer: The Adam optimizer is used for efficient training.

e Evaluation Metrics: The model's performance is evaluated using accuracy, precision,
recall, and F1-score, as well as the AUC-ROC curve, to assess the model’s ability to

distinguish between the two classes.

B. Mathematical justification and proof for the algorithm used for Employee Attrition
Classification using an RNN-LSTM hybrid model

Recurrent Neural Networks (RNN) fall under the class of artificial neural networks for
modeling sequence data. They work through data one element at a time in a sequence,
inputting information from previous time steps and using it in the current computation. But
vanilla RNNs have the vanishing gradient problem, requiring fewer instances of long-term
dependencies. Solution to this limitation is Long Short-Term Memory (LSTM) networks, a
special kind of RNN, task whose memory cells can lead information for long term [26].

C. Recurrent Sequential Models (RNNs and LSTMs)

The Recurrent Neural Network (RNN) is a type of artificial neural network for processing
sequential data. They operate on sequences, where one timestep's output is generally a function
of the previous timesteps' output plus an input at that timestep. But vanilla RNNs are not ideal
when we need to learn long-term dependencies due to vanishing gradient based issues. Long
Short-Term Memory (LSTM) networks are a specific type of RNNs, which are designed to
mitigate this issue by incorporating memory cells that can maintain data over extended periods

of time.

a). RNNs: Mathematical Formulation

RNNs are characterized by their ability to process sequences of data by maintaining a hidden

state that is updated at each time step. The general equation for an RNN is:

hy = c(Wyx; + Wphi_1 + b)
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Where:

e h, is the hidden state at time step t;
e x, isthe input at time step t,
e IV, and W), are weight matrices for the input and hidden state, respectively,
e b is the bias vector,
e . is the activation function (usually a non | "ar function like tanh or ReLU).
The final output y; is generated from the hidden state through:
ye = Wyhy + by,

Where W, is the output weight matrix, and b,, is the output bias vector.
b). LSTM: Mathematical Formulation

LSTMs modify the standard RNN to include gating mechanisms, which control the flow of
information. The LSTM introduces three gates: the input gate, forget gate, and output gate. The

equations for LSTMs are as follows:

e Forget Gate: Determines what information from the previous time step should be
discarded.

fe = o(Wsx, + Urhy_y + by)
e Input Gate: Determines what new information should be added to the memory cell.
i, =c(W;x; + Uphs—1 + b;)
e Candidate Memory Cell: Computes new candidate values for the memory cell.
C: = tanh (Wexe + Uche_q + be)

e Update the Memory Cell: The memory cell is updated by combining the previous
memory and the new candidate memory, weighted by the forget and input gates.

the new candidate memory, weighted by the forget and input gates.

o :ft'Ct—1+it'C~t

e Output Gate: Determines what part of the memory cell should be output.

or = oc(Wpxe + Ughe_q + by)
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e Hidden State: The final output of the LSTM is the hidden state, which is derived from

the memory cell and the output gate.

ht ES Ot . tanh (Ct)
The LSTM's strength comes from its ability to remember long-term dependencies by

controlling the flow of information using these gates.

D. Mathematical Justification for Using the RNN-LSTM Hybrid Model

The RNN-LSTM hybrid is beneficial for sequential modeling tasks like Employee Attrition
Classification, as it can exploit the implicit time-based dependency of features [26]. These
dependencies can be particularly useful in this context, as previous employee behavior or
attributes (e.g., performance ratings, job satisfaction) can play a part in whether they choose to

leave or not leave a company.
a) Sequence Modelling

Analysis data can change over time (or at least can be assumed to have temporal
dependencies), making the employee attrition classification problem a strong candidate for
sequence-based models. In contrast, a traditional feedforward network can only perform
inference without considering temporal relationships while the hybrid RNN-LSTM model

captures sequential patterns [27]. This is critical because:

1. Employee job satisfaction is not fixed, and its impact on the decision to leave or stay
can last a long time.

2. Changes to one’s work environment (e.g., promotions, job changes) may also affect
employee attrition in more nuanced ways.

3. Thus, the capacity of hybrid RNN-LSTM model to memorize information over time

steps makes it suitable for such kind of prediction task.

b) Hybrid Model Rationale

By combining RNNs with LSTMs, we create a model capable of learning both short-term and

long-term dependencies:

e The SimpleRNN layer captures immediate short-term relationships within the

sequence.
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e The LSTM layer ensures long-term dependencies are modeled, overcoming the

vanishing gradient problem inherent in basic RNNs.

This combination allows the model to adaptively capture both local and global patterns in the

data, improving prediction accuracy.

Algorithms

Algorithm 3: RNN-LSTM Hybrid Model for Employee Attrition Classification

Input:
X = Input features (employee data like job satisfaction, age, etc.)
y = Target variable (employee attrition: left or stayed)
epochs = Number of epochs for training
batch_size = Size of each mini-batch for training
test_size = Proportion of data to be used for testing
Output:
y_pred = Predicted employee attrition (left or stayed)
Initialization:
1. Load the dataset with employee attributes and target (attrition).
2. Preprocess the data (handle missing values, encode categorical variables, and scale
continuous features).
3. Split the dataset into training and testing sets (using test_size).
LOOP Process:
4. Reshape the input features X into 3D tensor (samples, timesteps, features).
5. Initialize the Sequential model.
6. Add SimpleRNN layer:
a. Set units = 64
b. Set activation function = tanh
c. Set return_sequences = True
7. Add Dropout layer with rate = 0.2 to prevent overfitting.
8. Add LSTM layer:
a. Set units = 64
b. Set activation function = tanh
c. Set return_sequences = False

9. Add Dropout layer with rate = 0.2 to prevent overfitting.
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10. Add Dense layer with:
a. Units=1
b. Activation function = sigmoid (for binary classification)
11. Compile the model:
a. Set optimizer = Adam(learning_rate = 0.001)
b. Set loss = binary_crossentropy
c. Set metrics = accuracy
12. Train the model using:
a. X_train, y_train
b. epochs
c. batch_size
d. validation_data = (X_test, y_test)
e. EarlyStopping callback to prevent overfitting
f. LearningRateScheduler callback to adjust the learning rate during training
13. Evaluate the model on the test set:
a. loss, accuracy = model.evaluate(X_test, y_test)
14. Print the test accuracy.
15. Make predictions:
a.y_pred = model.predict(X_test)
b. Convert probabilities to binary labels using threshold of 0.5:
ify pred>0.5theny pred =1 (Left)
else y _pred = 0 (Stayed)
Return:

y_pred = Predicted employee attrition (left or stayed)

3.5 Model Evaluation

Confusion Matrix: A confusion matrix is used to evaluate the model's performance by
showing the true positives, true negatives, false positives, and false negatives. These values

allow us to compute important metrics like precision, recall, and F1-score [27].

ROC Curve and AUC: The ROC curve is plotted to evaluate the classifier's ability to
distinguish between the positive and negative classes. The AUC score (Area Under the Curve)
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provides a single value representing the model's performance, with a higher AUC indicating

better performance [28].

Precision: Precision measures the accuracy of the positive predictions, i.e., the proportion of

true positive predictions out of all positive predictions [29].

Recall: Recall measures the ability of the model to identify all positive instances, i.e., the

proportion of true positives out of all actual positive instances [30].

F1-Score: The Fl1-score is the harmonic mean of precision and recall, providing a balanced
evaluation metric [31].

4. Results and Discussion

The three models—RNN-LSTM hybrid, Decision Tree, and Linear Regression—are trained
and evaluated on the employee attrition dataset. The evaluation metrics are compared to assess

the effectiveness of each model in predicting employee attrition.

e RNN-LSTM Hybrid Model: Likely to provide the best results in terms of accuracy
and AUC, as it is designed to capture complex patterns in data, especially when
temporal dependencies or sequential behavior patterns influence the decision to leave

or stay.

e Decision Tree: Provides good interpretability and feature importance analysis, helping
HR professionals understand the key factors contributing to attrition. However, it may
struggle with overfitting unless hyperparameters like tree depth are controlled.

e Linear Regression: Serves as a baseline model. It is simple but may not perform as
well as the other models, especially when the relationship between features and attrition

is non-linear.

In this paper, we proposed and evaluated three models for predicting employee attrition: an
RNN-LSTM hybrid model, Decision Tree, and Linear Regression. The RNN-LSTM hybrid
model is expected to perform best in terms of predictive accuracy, Decision Trees offer

excellent interpretability, and Linear Regression provides a simple baseline.

we have provided a mathematical justification for using an RNN-LSTM hybrid model in the
task of Employee Attrition Classification. By combining RNNs and LSTMs, we are able to
capture both short-term and long-term dependencies, making the model more suited for

sequential data. While Decision Trees and Linear Regression can serve as baselines, the
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hybrid model's ability to model temporal dependencies offers a significant advantage,

especially in contexts like employee attrition prediction, where past behavior significantly

impacts future outcomes.

Receiver Operating Characteristic (ROC) Curve
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Figure 4.1: Receiver Operating Characteristic (ROC) Curve with AUC Score

ROC curve as shown in figure 4.1 illustrates the performance of the classification model,

provides the trade-off between true positive rate(sensitivity) and false positive rate. An AUC

(Area Under the Curve) of 0.51 means the predictive capability is very poor, performing almost

as if the model was just guessing randomly. Such bytes also discourage one from optimising

features and model selection to improve classification performance.
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Figure 4.2: Confusion Matrix for Employee Attrition Prediction using Decision Tree
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Figure 4.3: Linear Regression: Predicted vs Actual Values for Employee Attrition

The "Linear Regression: Predicted vs Actual” plot essentially shows us the predictions made
by the model against the actual values The blue dots indicate predicted values, and the red

dashed line shows perfect predictions (ideal case). Here we see that most of the predictions
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are bunched up on either end (0 and 1), with very few making intermediate predictions. So here
we see that the model is having a very hard time predicting anything between the 0 and the 1,
so this is one of the limitations of linear regression applied to a binary classification problem.
Generally, the model might generate some outputs in a continuous way, but these outputs may
lack a one-to-one mapping with the provided information, making them not always effective

in correctly capturing the binary outcome as shown in fig 4.3.

Residuals Plot
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Figure 4.4: Residuals Plot for Linear Regression Model

Using Residuals Plot, there are some substantial patterns in errors made by Linear Regression
model. There will be a linear relationship in the plot between the predicted and residuals,
indicating that the model may not be capturing all the underlying patterns of the data,
particularly for predictions around the extremes (0 and 1). Non-random patterns in the
residuals suggest that the model may be too simple and unable to capture all the relationships
in the data. This behaviour indicates that binary classification problems, like predicting
employee attrition behaviour, will probably be better with different models, such as logistic

regression or other classification models as shown in fig 4.4.
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Figure 4.5: Confusion Matrix for Employee Attrition Prediction using Linear

Regression

The confusion matrix provides valuable macro metrics around the effectiveness of the
classification model which was trained to predict employee attrition. True positives and true
negatives show the number of employees that the model correctly identified as either
employees that left (6036) or stayed (5194) But there were 1838 false positives (employees
who remained were predicted to leave) and 1832 false negatives (employees who left were
predicted to remain). Such errors indicate that the model may not fully capture the distinction
between the two classes, and may have difficulty predicting the point at which one should
switch to the other class. The performance, in general, is not bad, but it can be improved by
getting better at handling false positives and false negatives as shown in fig 4.5.
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Figure 4.6: Confusion Matrix for Employee Attrition Prediction using RNN

fig 4.6. describes the model is used to predict employee attrition based on the confusion matrix.
True positives (6076): employees who left and were predicted to leave True negatives (5121):
employees who stayed and were predicted to stay False positives (1911) denoting employees
that actually stayed, and were predicted to leave (1792 false negatives) who left but were
predicted to stay. This model performs well, but false positives and false negatives can be
further reduced. Table 4.1 illustrate Comparative Performance Analysis of RNN-LSTM

Hybrid, Decision Tree, and Linear Regression Models.

Table 4.1: Comparative Performance Analysis of RNN-LSTM Hybrid, Decision Tree,
and Linear Regression Models

Linear

Metric RNN-LSTM Hybrid Decision Tree Model Regression
Model (Matrix 1) (Matrix 2) Model

(Matrix 3)
Accuracy 0.7515 0.5023 0.7537
Precision 0.7607 0.5291 0.7666
Recall 0.7722 0.5228 0.7672
F1-Score 0.7664 0.5259 0.7669
Specificity 0.7282 0.4794 0.7386
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Figure 4.7: Comparative Performance Analysis of RNN-LSTM Hybrid, Decision Tree,

and Linear Regression Models

Matrix 1: The combination of RNN-LSTM hybrid model also showed good performance with
an accuracy of 0.7515. Predictive model performs well, distinguishing between "Stayed" and
"Left" employees with a precision of 0.7607 and a recall of 0.7722 ensuring that they predict
accurately and minimize cases of attrition. F1-score is 0.7664, which indicates a good balance
between Precision and Recall, and specificity is 0.7282 shows moderate success in
combination of predicting "Stayed" employees. The recurrent neural network (RNN) brings
about the most accurate prediction as it makes use of temporal dependencies between the

variables better than any other machine learning algorithms.

The Decision Tree as seen in the results above Matrix 2 shows the lowest accuracy (0.5023)
amongst the three which is a very poor performance. With precision (0.5291) and recall
(0.5228), it has high worth false positive and false case, and so, the F1-score is quite lower.
The specificity (0.4794) indicates that there is a notable difficulty in correctly classifying
“Stayed” employees. Also, the high misclassification rates indicates there is a proper scope

of hyper parameter tuning, pruning techniques and class-balancing to improve the performance.
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The accuracy of the Linear Regression model (Matrix 3) is 0.7537, which is competitive with
the more complex RNN-LSTM model. It achieves a high precision (0.7666) and a high recall
(0.7672), with an F1-score of 0.7669. We will now move to the model evaluation based on the
above Second model with Linear kernel function, L=0.0001 and R=1/3 an F1 score of 0.7365
which makes it, less accurate in correctly classifying "Churned" employees. It does have more
advanced types of models, like the RNN-LSTM, which works well with non-linear

relationships as shown in fig 4.7.

Overall Observations

a) The RNN-LSTM hybrid model, which excellently processes sequential data,
demonstrated well-balanced performance across all metrics.

b) Our Linear Regression model achieves competitive accuracy and precision but does
not capture non-linear relationships or temporal dependencies.

c) Overall, the Decision Tree model suffers quite a bit, possibly contributing to the
overfitting or failing to capture important features leading to poor performance. It is in
need of optimizing to make it more effective.

Receiver Operating Characteristic (ROC) Curve
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Figure 4.8: Receiver Operating Characteristic (ROC) Curve for Employee Attrition

The ROC Curve: visualizes how well or bad does the method act in differentiating both classes
(attrition: left or stayed). Here, the curve is between TPR and FPR. The model has good
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capability to discriminate classes with an AUC of 0.85. An AUC value near to 1.0 suggest
excellent performance, although there is potential for reducing false positives as shown in fig
4.8.

Model Accuracy: Training vs Validation Model Loss: Training vs Validation

—— Train Loss

Validation Loss
0.55 4

0.75 4
0.54

0.53 4

0.74 1
0.52 1

Loss

Accuracy

0.51 1

0.73 4
0.50

0.49 A

0.72

0.48 A

—— Train Accuracy
Validation Accuracy

T T T T T T T T 04? L T T T T T T T T
o] 2 4 6 8 10 12 14 o] 2 4 6 8 10 12 14
Epochs Epochs

Figure 4.9: Training and Validation Accuracy and Loss for Employee Attrition
Prediction Model

As shown in fig 4.9. graphs for training accuracy and loss per epochs. the left graph is for
training accuracy and validation accuracy across epochs. As time goes by, the training accuracy
increases, whereas the training and validation accuracy can be seen to diverge a little bit, which
indicates a potential overfitting. However, this is similar to our test set in that it has never been
“seen” before, just like test data. The training loss stabilizes but is lower than the validation
loss — indicating the model is definitely learning, but is it learning what it needs to? But it
looks like the model is moving in the right direction with a few more hyperparameter tuning

to do to make it perform better on the unseen data.

Conclusion

This paper aimed to investigate and experiment with various predictive models for the
identification of staff attrition, a critical issue for organizations. With this, machine learning
algorithms can help us predict attrition so companies are able to take the necessary measures.
We had considered three models: RNN-LSTM hybrid model, Decision Tree, and Linear

Regression. When tested against normal and common employees, the hybrid model
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outperformed both, yielding a shortlisting error of only 0.1304, a low overall misclassification
error of only 0.1950 and a ROC AUC of 0.762. What makes this model move a step ahead is
its capacity to manage long-term dependencies, making it suitable for studying employee data
with a track record of past events impacting decisions down the line.

Also, the Decision Tree model, although being interpretable, was of lower performance
(accuracy and prediction), overfit and required tuning. SRM performed better in segmenting
and identifying the key features affecting employee attrition though its predictive power was
not as strong as the RNN-LSTM hybrid model. Although Linear Regression is not very in-
depth model, it can be a useful baseline to compare against and it fared quite well in predicting
attrition based on the features at hand. They also presented several challenges on predictive
modelling for attrition, particularly in areas such as missing data, fairness and transparency of
the model, and bias. Issues related to data privacy, ethical sourcing of data, and the need for
algorithmic fairness in HR analytics were raised, and therefore, transparency is needed in all

HR analytics processes.

The results showed that, in general, the RNN-LSTM hybrid model had the best performance
when predicting employee attrition, however, model training, hyperparameter tuning and
engineering are pathway to improving accuracy. This study demonstrates the power of
predictive analytics within Human Resource Management, potentially influencing
organizations to enact preventative measures in an effort to alleviate turnover rates widespread

today and retain happier employees.
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