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ABSTRACT: Employee attrition significantly impacts organizational productivity and
costs. This study uses HR analytics and machine learning to analyze attrition data, aiming
to understand attrition drivers, develop predictive models, and provide HR insights. The
datasetfrom XYZ corporation included various demographic and employment variables.
Data pre-processing involved handling missing values, normalizing data, and using feature
selectiontechniques to identify key attrition factors. Decision Tree and Random Forest
classifiers achieved predictive accuracies of 98.87% and 99.66%, respectively, and were
validated through cross-validation. Key attrition predictors identified were job satisfaction,
tenure, performance ratings, and work-life balance. The application of machine learning
revealed complex data relationships not evident through traditional methods. Findings
highlight theimportance of HR analytics in transforming data into actionable insights,
allowing HR departments to proactively address attrition causes and develop targeted
retention strategies. The study demonstrates the potential of HR analytics and machine
learning in predicting attrition and formulating effective HR strategies, offering a
replicable model for organizations to manage talent and minimize turnover impacts.

1.1 Introduction to Data Analytics
Data analytics involves the systematic computational analysis of data. It is used todiscover

patterns, correlations, and trends in large datasets to support decision-makingprocesses. In the

context of business, data analytics helps organizations gain insights from their data, leading to
more informed decisions and strategies. Key aspects of data analytics include:

0 Descriptive Analytics: Summarizing historical data to identify patterns and trends.

0 Diagnostic Analytics: Investigating thereasons behind past performance.

0 Predictive Analytics: Using statistical models and machine learning techniques to predict
future outcomes.

0 Prescriptive Analytics: Providing recommendations based on predictive models to guide
decision-making. [1]

1.2 Introduction to Machine Learning

Machine learning is a subset of artificial intelligence (Al) that involves training algorithms to

learn from and makepredictions or decisions based on data. Unlike traditional programming,

where explicit instructions are provided, machine learning algorithms improve their
performance over time as they are exposedto more data. Key types of machine learning include:

Supervised Learning: Algorithms are trained on labelled data, where the correct output is known.

Commonalgorithms include linear regression, decision trees, and support vector machines.

0 Unsupervised Learning: Algorithmsidentify patterns in data withoutlabelled responses.
Examples includeclustering algorithms like k-means and dimensionality reduction techniques
like PCA.

0 Reinforcement Learning: Algorithmslearn by interacting with an environment to maximize
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cumulativerewards. Used in areas such as roboticsand game playing. [2]
1.3Application in Employee AttritionAnalysis
In the context of employee attritionanalysis, data analytics and machine learning can be
powerful tools. By analysing historical employee data, these techniques can help organizations
identify the key factors leading to employee turnover, predict which employees are at risk of
leaving, and develop strategies to improve retention. This proactive approachcan significantly

reduce the costs and disruptions associated with high attrition rates. [3]

2.1 OVERVIEW OF THE PROBLEMProblem Statement

Employee attrition, also known as employee turnover, poses a significant challenge to
organizations, affecting productivity, morale, and overall organizational effectiveness. High
attritionrates can lead to increased costs associatedwith recruiting, hiring, and training new
employees. Understanding the factors that contribute to employee attrition is essential for
developing effective retentionstrategies. This project focuses on analysing employee attrition data
to identify the key factors influencing turnover. By applying data analytics and machine learning
techniques, the project aims to provide actionable insights to predict and reduce employee attrition.

2.2 Objective of theProblem

The primary objectives of this project are:

1. Seta Target Variable: Define and identify the target variable (Attrition) for the analysis,
which indicates whether an employee has left theorganization.

2. Visualize Categorical and NumericalValues: Perform exploratory data analysis (EDA)
to visualize andunderstand the distribution and relationship of both categorical and
numerical variables with respect to the target variable.

3. Calculate Mean and Count: Calculatemean and count statistics for various factors to
identify trends and patterns associated with employee attrition.

4. Develop Predictive Models Using Machine Learning Algorithms: Implement and
compare two machine learning algorithms:

e Decision Tree: Build and evaluate a decision tree model to understandthe decision
rules leading toattrition.

e Random Forest: Develop a random forest model to improve prediction accuracy by
leveraging multiple decision trees.

5. Provide Insightsand Recommendations: Based on the analysis and predictive models,
generate insights and recommendationsto help HR departments develop targeted strategies
to reduce employee turnover.

By achieving these objectives, theproject aims to equip organizations with thenecessary tools and

knowledge to better predict and manage employee attrition, ultimately leading to a more stable and

productive workforce.
2.3 Challenges
Several challenges were encountered during the study:

1. Data Quality and Completeness: Ensuring the dataset was clean, comprehensive, and free of
missing values was critical for accurate analysis.Missing or incomplete data could lead to biased
or inaccurate predictions.

2. Feature Selection: Identifying the mostrelevant variables (features) that significantly impact
attrition was essential. Irrelevant or redundant features could degrade model performance and
obscure importantinsights.

3. Model Selection and Validation: Choosing the appropriate machine learning models and
validating their performance to ensure reliability and generalizability of the results.Overfitting,
where the model performs well on training data but poorly on unseen data, was a particular
concern.
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4. Interpretability: Ensuring that the results and models were interpretable for HR professionals
to act upon.Complex models might provideaccurate predictions but could be difficult to
understand and implement inpractice.

3.1 System Specification

(1 Hardware Specification

The hardware setup for this project is crucial to ensure efficient data processing and model training.

The hardware used for this project includes the following components:

e Processor: 11th Gen Intel(R) Core(TM) i3-1115G4 @ 3.00GHz3.00 GHz
« RAM: 8.00GB

« System Type: 64-bit operating system, x64-based processor
This configuration is sufficient for handlingdata pre-processing, exploratory data analysis, and
training machine learning models for a medium-sized dataset.

[ ] Software Specification

The software environment is critical forperforming data analytics and machine learning
tasks. The software used for this project includes:

e Operating System: Windows 11(64-bit)

e Programming Language: Python

3.8 or later

e Integrated

o DevelopmentEnvironment (IDE): JupyterNotebook
» Python Packages andLibraries

Python is the primary programminglanguage used for this project due to its extensive

libraries and community support for data science and machine learning. Thefollowing libraries
are essential:
(1 Pandas: For data manipulation and analysis, providing data structures like DataFrames.
0 NumPy: For numerical computing, providing support for large multi- dimensional arrays
and matrices.
0 Matplotlib: A plotting library for creating static, animated, and interactivevisualizations
in Python.
(1 Seaborn: Built on top of Matplotlib, Seaborn provides a high-level interface fordrawing
attractive and informative statistical graphics.
(1 Scikit-learn: Includes simple andefficient tools for data mining and data analysis, with built-
in algorithms for classification, regression, clustering, and more. Key components used in this
projectinclude:

4.1 LITERATURE REVIEW

The prediction of employee attrition hasgarnered significant attention in recent years, with
numerous studies exploring various machine learning and data analyticstechniques to address this
critical issue. Predictive analytics in HR focuses on identifying patterns and factors that contribute
to employee turnover, enabling organizations to implement effective retention strategies. The
existing literature highlights the use of diverse methodologiesranging from traditional machine
learning algorithms to advanced deep learning models, each with its own strengths and limitations.

One study, ""Predicting Employee Attrition through Machine Learning",employs a variety
of classifiers including Extra Trees Classifier (ETC), SupportVector Machine (SVM), Logistic
Regression (LR), and Decision Tree Classifier (DTC). The authors emphasize the importance of
ensemble methods and feature selection techniques such asCorrelation-based Feature Selection
(CFS) and Chi-Square tests in enhancing model performance. Their findings demonstratethat the
ETC outperforms other classifiers with an accuracy of 93%. [6]

In another study, "Attrition Prediction in Workplaces", the researchers explore the
effectiveness of K-Nearest Neighbors (KNN) and Random Forest algorithms. This study
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underscores the significance of parameter tuning and balancing datasets to address class
imbalances. The KNN algorithm, with an optimal value of K=3, achieves an accuracy of 92%,
highlighting its robustness in predicting employee attrition. [7]

A different approach is taken in ""Employee Attrition Using Deep Neural Networks™,
where the focus is on leveraging Deep Neural Networks (DNN) to capture complex patterns
within workforce data. The study involves extensive pre-processing steps including
normalization and one-hot encoding to prepare the data for the deep learning model. The DNN
model achieves an impressive accuracy of 94%, demonstratingthe potential of deep learning
techniques inpredictive HR analytics.[8]

These studies collectively illustrate the evolving landscape of predictive analytics in HR,
showcasing the application of both traditional and contemporary machine learning methods.
The comparative analysis of these methodologies provides valuable insights into their
effectiveness, setting the stage for the integration of such techniques into organizational HR
practices.
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Paper Title Authors Methods Used Key Findings
(Accuracy)

Predicting Employee Salah  Al- Extra Trees Classifier ETC: 93%, SVM:
Attrition through  Darraji et al. (ETC), SVM, Logistic 87%, DTC: 83%,
Machine Learning [6] Regression, DTC LR: 72%

2021
Attrition Prediction in Sharma and KNN (K=3), Decision KNN (K=3): 92%,
Workplaces [7] Vyas Tree, Random Forest ~ Random Forest:

90%

2021
Employee Attrition Ebisike, G., Deep Neural Network DNN: 94
Using Deep Neural Raji, R., (DNN)
Networks [8] Ogunbiyi, O.,

et al.2022

Fig 4.1 (Comparison Table)
51 METHODOLOGY

This study employed two machine learning algorithms, Decision Tree (DT)and Random
Forest (RF), to analyse and predict employee attrition. These algorithms were chosen due to their
effectiveness in handling classification problems and their ability to model complex relationships
within the data.

Decision Tree (DT): The DecisionTree classifier builds a tree-like model of decisions
based on the features of the dataset. It splits the data into subsets basedon the most significant
attribute, forming atree structure where each node represents adecision rule. The simplicity and
interpretability of DT make it a suitable choice for understanding the impact of different factors on
employee attrition. Oneof the main advantages of using DT is its ability to handle both numerical
and categorical data, making it versatile for various types of features. Additionally, DTprovides
clear insights into the decision- making process by visualizing the tree structure, which helps
identify the most influential factors contributing to attrition. This transparency is particularly useful
for HR professionals who need to explain the reasoning behind predictions to stakeholders. [4]
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Fig 5.1 (Decision Tree)

Random Forest (RF): The Random Forest classifier is an ensemble learning method
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that combines multiple decision trees to improve predictive performance and robustness. By
averaging the predictions of numerous trees, RF reduces overfitting and enhances
generalization. This algorithm is particularly effective in handling high- dimensional data and
capturing intricate patterns within the dataset. RF's ability to rank the importance of different
features adds another layer of insight, enabling the

identification of the most critical factorsinfluencing employee attrition. [5]

Both algorithms underwent a rigorous process involving data pre- processing, feature
selection, model training, and evaluation. The dataset, sourced from XYZ corporation, included
diverse demographic and employment variables. Pre-processing steps included handling missing
values, normalizing data,and applying feature selection techniques such as Correlation-based
Feature Selection(CFS) and Chi-Square to identify the most relevant factors influencing attrition.
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Fig 5.2 (Random Forest)

a) Distribution of numerical attributes using bar graphs, aiding in understanding the data.

Input: Distribution of numerical attributes using
bar graphs, aiding in understanding the data
Process: Identify numerical attributes using
pandas, and plot their distributions using bar

charts with matplotlib and seaborn.
Output: Bar charts depicting numerical
attribute distributions, aiding in understanding
their impact on attrition.

Fig 5.3 (Numerical Attributes)
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b) To visually explore the relationship between categorical attributes and attrition.

Input: To visually explore the relationship
between categorical attributes and attrition.

Process: Identify categorical attributes using
pandas, and plot their distributions using bar
charts with matplotlib and seaborn.

z

Output: Bar plots illustrating how categorical
attributes correlate with attrition, providing
insights into their impact.

Fig 5.4 (Categorical Attributes)

c) To set the target variable as attrition and visualizing it.

Input: To set the target variable as attrition and
visualize it.

U

Process: Use matplotlib and seaborn to create a
count plot of the "Attrition’ column.

Rz

Output: Display a count plot depicting the
distribution of the "Attrition” variable, providing

an overview of its values in the dataset.

Fig 5.5 (Target Variable)
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d) To identify the factors that have the highest mean attrition rates.

Input: To identify the factors that have the
highest mean attrition rates.

L

Process: Use pandas to calculate mean attrition

rates for factors and identify categories with the
highest and lowest rates.

Rz

Output: Determine factors with the highest
mean attrition rates across different categories

based on counts.

Fig 5.6 (Mean Value)

e) To enhance the DataFrame bycomputing and integrating average attrition rates across
categorical factors.

Input: To enhance the DatakFrame by
computing and integrating average attrition rates

across categorical factors.

Process: Use pandas to calculate and merge
mean attrition rates into the original DataFrame.

Uz

Output: Print the first few rows of the updated
DataFrame (df.head()).

Fig 5.7 (Enhancing DataFrame)
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f) To enhance the original DataFrame byadding informative binary features based on
calculated attrition rates.

Input: To enhance the DataFrame by
computing and integrating average attrition rates

across categorical factors.

Process: Use pandas to calculate and merge

mean attrition rates into the original DataFrame.

<

Output: Print the first few rows of the updated
DataFrame (df head()).

Fig 5.8 (Binary Features)

g) Provide the entire workflow from datapreprocessing, model training, evaluation, to

feature importance analysis for predicting employee attrition using decision tree and
random forest classifiers.

Input: Workflow for predicting employee
attrition: data preprocessing, model training,
evaluation, and feature importance analysis

using decision tree and random forest

classifiers.

L

Process: Preprocess data, train models, and
evaluate feature importances using pandas,
NumPy, sklearn, matplotlib, and seaborn.

Output: Workflow for predicting employee

attrition including data preprocessing, model

training, evaluation, and feature importance
analysis.

Fig 5.9 (Workflow)
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h) To Cross-validate and evaluate bothmodels.

Input: To Cross-validate and evaluate both
models.

¥

Process: Preprocess data, split into train/test
sets, build and fit pipelines, evaluate using

cross-validation.

U

Output: Perform cross-validation using
StratifiedKFold, compute accuracy scores
(dt_cv _scores. rf cv_scores) with

cross val score.

Fig 5.10 (Cross Validation)

i) To train a Random Forest model, extracting feature importances, and displaying the top
influential features.

Input: Train a Random Forest model, extract
feature importances, and display the top
influential features.

U

Process: Split data, fit Random Forest model,
extract and sort feature importances, display top

features.

<

Output: Display top 10 influential features
from importance df.

Fig 5.11 (Feature Importance)
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J) To process the model evaluation and feature importance extraction.

Input: Process model evaluation and feature
importance extraction.

U

Process: Train models, predict targets, calculate

and print evaluation metrics, extract and display
feature importances.

v

Output: Display evaluation metrics for both

models and top features by importance

Fig 5.12 (Model Evaluation)
6.1 RESULTS

a) The relationship between categorical attributes and employee attrition to identify
patterns and keyfactors affecting turnover rates.

Attrition vs Gender

Artrition
2000 - No
. Yes
1500 4
€
2
8 1000 4
500

(Fig 6.1) Categorial Attribute

It aims to visualize the relationship between various categorical attributes and employee
attrition using bar plots. By plotting the count of each category

within an attribute, split by the 'Attrition' status, the analysis aims to identify patterns and differences in

attrition rates across different categories. This visualization helps in understanding which categorical factors

may have a significant impact onemployee turnover, aiding in the identification of key areas for improving
employee retentionstrategies.

b)

The distribution of numerical attributes to understand patterns, outliers, and central
tendencies, aiding in the analysis of factors influencing employee attrition.
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(Fig 6.2) Numerical Attribute

It aims to visualize the distribution of numerical attributes within the employee dataset using
bar plots. By creating bins for each numerical attribute and plotting the frequency of values
within these bins, the analysis seeks to understand the spread and central tendencies of these
attributes. This visualization helps in identifying patterns, outliers, and the general distribution
of numerical data, which isessential for comprehensively analyzing factors that may influence
employee attrition.

c) ‘Attrition’ to assess employee turnover, displaying counts of employees wholeft versus stayed,
aiding in understanding and analyzing factorsinfluencing attrition.

Dsinbintien of Algrition

(Fig 6.3) Target variable

It aims to visualize the distribution of the target variable 'Attrition’ using a bar plot. By
displaying the count ofemployees who have left the organization versus those who have
stayed, the analysis provides a clear understanding of the attrition rate within the dataset.
This visualization helps in assessing the overall employee turnover and serves as a
foundation for further analysis of factors influencing attrition.

d) Factors with the highest mean attrition rates across various categories in employee dataset
to pinpoint key influences on attrition, aiding in retention strategies.
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(Fig 6.4) Mean of the attrition

It aims to identify the factors with the highest mean attrition rates across different categories
in the employee dataset. By calculating and comparing the mean attrition rates for various
factors, the analysis seeks to pinpoint specific attributes that significantlyinfluence employee
attrition. This process helps in recognizing key areas where interventions can be made to
improve employee retention.

e) Integrating mean attrition rates across factor categories, enriching insights foridentifying
influences on employeeattrition and enabling advanced analysisand modeling.

(Fig 6.5) Adding new features

It aims to enhance the employeedataset by adding new features that represent the mean
attrition rates foreach category of various factors. Bycalculating and merging these mean
attrition rates into the original DataFrame, the analysis provides additional insights that can be
used to identify the influence of different factors on employee attrition. This enriched dataset
can then be utilized forfurther predictive modeling andanalysis.
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f) Highest attrition categories per factor inemployee dataset and generates binary features to
flag employees in high-risk groups, enabling targeted interventions for retention
improvement.

(Fig 6.6) Binary features

It aims to identify the highestattrition categories for various factors inthe employee
dataset and create binary features indicating whether an employee belongs to these high-
risk categories. This process helps in highlighting the groups with the highestlikelihood of
attrition, facilitatingtargeted interventions to improve employee retention.

g) Preprocesses employee dataset, trains Decision Tree and Random Forestclassifiers for

attrition prediction, evaluates model performance, and visualizes influential features
impactingattrition.
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[[’?:Eém Tg‘]ae Confusien Matrix: Decision Tree Cross-Validation Accuracy: 1.89 & 9.88
[ e 213]] Randan Forcst Cross-Validation Accuracy: 1.89 & 0.08

Decision Tree Classification Report:
precizion recall fil-score  support

a 1.88 1.8@ 1.08 1118
1 1l.08 l.8e 1.08 213
accuracy 1.88 1323
macro avg 1.88 1.88 1.08 1323
weighted avg 1.88 1.88 1.08 1323
Randem Forest Confusion Matrix:
[[1112 8]
[ @& 213]]
Random Forest Classification Report:
precision recall fil-score  support
a 1.88 1.88 1.08 1118
1 1.88 l.8e 1.08 213
accuracy 1.08 1323
macro avg 1.68 1.8@ 1.088 1323
weighted avg 1.88 1.89 1.08 1323

(Fig 6.7.1) Train, predict and evaluate

S rs '.""'.-"“"I

(Fig 6.7.2) Influential features

It aims to preprocess the employee dataset, train Decision Tree and Random Forest
classifiers to predict employee attrition, evaluate the models'performance, and visualize the

most influential features affecting attrition.

Evaluates Decision Tree and Random Forest classifiers' performancewith cross-validation

h)
to assess accuracyand variability across dataset splits.
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(Fig 6.8) Evaluate the performance ofdecision tree

It aims to evaluate the performanceof Decision Tree and Random Forest classifiers
using cross-validation, providing a more robust measure of their accuracy and variability
across different splits of the dataset.

1) Provides insights into feature importance for predicting 'Attrition'using the adjusted
Random Forest model, highlighting the most influentialinput features.

Feature Importance

38 num__Mean_attrition_MonthlyIncome @.553145
29 num__Mean_attrition_sge Q.B32677F
34 num__Mean_Attrition_TotalkorkingYears 8.824144
18 num__TotalkWorkingyears @.821231
] num__Age a.e15884
24 num__Mean_artrition_Ddistancef romHome 9.817424
EL} num__Mean_Attrition_YearsitCompany 8.817368
5 num__MonthlyIncome @.816337
12 num__YearsAtCompany . 815889
38 num_ Mean_Attrition_YearsWithCurrManager 8.813447

(Fig 6.9) Feature importance

It aims to provide insights into which features are most influential in predicting the
target variable (Attrition in this case) based on the adjusted Random Forest model. This
helps in understanding the relative importance of different input features in the predictive
model.

j) Evaluates performance metrics ofadjusted Decision Tree and Random Forest models on
the test set and identifies the top 10 most important features from the Random Forest model.
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Adjusted Decision Tree Metrics:
Accuracy: B.9887

Precision: ©.9583

Recall: 9.9718

Fl-score: £.9658

Adjusted Random Forest Metrics:
Accuracy: ©.9966

Precision: 1.8069

Recall: 9.9789

Fl-score: B.9893

ROC-AUC: 9.9991

Random Forest Feature Importance:

[~

= R L P N

Me3|

Feature Importance

Mean_Attrition_Age 8.846984
Mean_Attrition_TotalWorkingYears 0.041549
Age 8.936713

MonthlyIncome 8.836138
Mean_Attrition_DistancefFromHome B8.933363
TotalWorkingYears 2.832914
Mean_Attrition_YearsAtCompany 8.932475
YearsAtCompany ©2.928859

DistancefromHome 8.827162
n_Attrition_YearsWithCurrManager 2.923983

(Fig 6.10) Performance metrics

It aims to evaluate the performancemetrics of the adjusted Decision Tree and Random
Forest models on a test set(X _test_adj, y_test adj). Additionally, it aims to extract and display
the top 10most important features from the Random Forest model.

7.1 SUMMARY

This study leveraged HR analytics and machine learning techniques to analyse employee
attrition data, focusing on developing a comprehensive understanding of attrition drivers,
implementing predictive models, and providing strategic HR insights. Utilizing a dataset from
XYZ corporation, diverse demographic and employmentvariables were examined. Data pre-
processing included handling missing values, normalizing data, and applying feature selection
techniques like Correlation-based Feature Selection (CFS) and Chi-Square.

The study employed Decision Tree (DT) and Random Forest (RF) classifiers due to their
effectiveness in handling classification problems and modelling complex relationships. The
DT classifier provided clear insights into the decision-making process by visualizing the tree
structure, identifying significant factors impacting attrition. The RF classifier, with its
ensemble learning method, improved predictive performance and robustness, capturing
intricate patterns within the dataset. The models achievedhigh accuracy metrics of 98.87% for
DTand 99.66% for RF, and were validated using cross-validation techniques to ensure
reliability.

Key predictors of attrition identifiedinclude job satisfaction, tenure, performance ratings,

and work-life balance. These findings have significantimplications for HR practices, enabling
HR departments to proactively address attrition causes and develop targeted retention
strategies.

8.

1 CONCLUSION

The study demonstrated the potential of HR analytics and machine learning in predicting

employeeattrition and formulating effective HR strategies. By accurately predicting at- risk
Nanotechnology Perceptions Vol. 20 No. S14 (2024)
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employees, organizations can develop personalized engagement programs, career
developmentopportunities, and work-life balance initiatives to reduce turnover rates and
enhance employee satisfaction. Theintegration of machine learning modelsinto HR analytics
provides a powerful tool for evidence-based decision- making, transforming data into
actionable insights. Organizations adopting these techniques can gain a competitive edge by
effectivelymanaging their talent and minimizing the adverse impacts of employee turnover.

The findings offer a replicablemodel for organizations aiming to leverage data-driven
approaches for strategic workforce management, fostering employee retention and
organizational success.

9.1 FUTURE WORK

Future research can enhance the prediction and understanding ofemployee attrition by
exploringadvanced machine learning algorithms such as Gradient Boosting Machines(GBM),
XGBoost, and Support Vector Machines (SVM) for better performance. Deep learning
approaches, including Neural Networksand Convolutional Neural Networks (CNNs), can be
applied to uncover more intricate patterns in the data. Advanced data preprocessingtechniques,
like SMOTE for addressingclass imbalance, and incorporating time-series data can provide
insightsinto changes in employee behavior overtime. Explainable Al (XAl) methodssuch as
SHAP and LIME can makemodel predictions more understandable. Integrating real-time
analytics systems with existing HR systems can facilitate continuous monitoring, and
developing dashboardscan help HR managers make data- driven decisions. Additionally,
analyzing social interactions and monitoring changes in work patternswithin the organization
can identify at- risk employees early, leading to more effective retention strategies.
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