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Abstract: Organizations have been concerned about high
voluntary turnover, or attrition, as a significant area of focus,
resulting in elevated recruitment costs, productivity losses, and
team-disruptive behaviour. Historically, HR systems have
primarily focused upon the analysis of past data and
behaviours of dependent variables - known as lag effect. This
article presents a machine learning solution to predict, on the
basis of the performance, engagement, demographics, and job
satisfaction of employees, the risk of employees ‘attrition. The
system provides real time predictions of employees’ likelihood
of exit from the firm, enabling Human Resource (HR)
managers to premptively intervene as required. The model
facilitates individualized customized retention strategies
dependent on the individual risk profile, including assessments
of work-life balance and conducting stay one on one sessions if
necessary. The combination of predictive analytics with
useable, actionable insights provides HR managers enable to
make informed decisions improving workforce stability and
employee retention.
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I. INTRODUCTION

One of the major problems for firms everywhere is
employee attrition, with the consequence including
increased recruitment expenses, loss of productivity,
and interruptions in team dynamics. Conventional
HR systems largely process historical data and
reactively work through exit interviews and
employee surveys which cannot be said to predict
future turnover accurately.

This leads to missed opportunities for maintaining
valuable employees and maximizing stability in the
workforce. Given the increasing complexity of
employee satisfaction, employee performance needs
a more proactive data-centric approach to identify at-
risk employees and to take early actions.

A machine-learning based system to predict the
employee attrition based on various factors like job
satisfaction,  performance, engagement, and
demographics. The use of real-time predictions of the
chances for employees to leave the company will
enable HR to proactively address retention issues.
Through predictive analytics, this Advanced offers

powerful tools for an organization to make tailored
actions toward retention, thus gaining an improved
workforce stability and lower turnover rates, along
with enhanced organization efficiency in toto
demographics. The use of real-time predictions of the
chances for employees to leave the company will
enable HR to proactively address retention issues.
Through predictive analytics, this Advanced offers
powerful tools for organization to make tailored
actions toward retention, thus gaining an improved
workforce stability and lower turnover rates, along
with enhanced organizational efficiency in toto.

II. RELATED WORK

Attrition of employees has been a topic of interest for
years because of its direct influence on organizational
performance and the costs involved. Conventional
Human Resource (HR) systems, although successful
in monitoring past trends, tend to be afflicted with a
lag effect, hence making it difficult to forecast future
attrition accurately. The majority of current models
rely on past data analysis, giving little real-time
information for forward-looking decision-making.

Over the past few years, several machine learning
(ML) methods have been investigated to improve
employee attrition prediction. Sharma et al. (2020)
have used decision trees and logistic regression to
predict attrition based on employee satisfaction,
performance, and demographics.

Their results show that machine learning models can
be more accurate than conventional statistical models
in predicting attrition, but the use of these models in
real-time environments is still a problem.

III. LITERATURE SURVEY

Singh et al. [1] The paper discusses the application of
machine learning models, decision trees, and random
forests to the prediction of employee attrition. The
authors also show how these models can be trained
on a variety of employee-related attributes, i.e., job
satisfaction, compensation, and work environment, to
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forecast employees at risk of leaving workplaces.
Moreover, the models aim to implement preemptive
HR interventions and improvement of employee
retention through the study obtained.

Gupta & Mehta [2] Data mining algorithms are used
for predicting employee attrition in this paper.
Critical factors influencing the institution at the turn
include the length of service, performance scores, and
compensation. Predicting the employees likely to
resign is done by applying classification models like
Naive Bayes and Support Vector Machines (SVM).
From this study, it is concluded that data-driven
prediction models can improve the strategies
drastically to retain at-risk employees.

Kumar et al. [3] predicted employee attrition and the
predictive analysis used in HR management: The
study exhibited use of machine learning algorithms,
bringing logistic regression and XGBoost to be
among those that could analyze historical HR data in
predicting employee churn. Elsewhere in the paper,
attributes of the predictive analytics mentioned are
the ways in which they would be integrated into HR
decision-making processes, for example, identifying
the causes of attrition and tailoring retention plans to
individuals.

Zhang et al. [4] Zhang et al. have compared machine
learning algorithms such as Random Forest, K-
Nearest Neighbors (KNN), and Gradient Boosting for
predicting employee attrition. The authors did a
thorough analysis of employee attributes such as
satisfaction levels, career development, and work-life
balance to identify their effects on employee attrition.
They found that Random Forest and other ensemble
algorithms were more powerful than any standalone
algorithm in predicting accurately.

Sharma & Verma [5] deal with predicting employee
behavior using different techniques of machine
learning, such as decision trees, artificial neural
networks, etc., by which retention strategies could be
optimized through attrition predictions and
identification of underlying causes of such attrition.
In their study, employee data were subjected to a
decision tree model to predict which employees
would be most likely to leave. The authors
specifically mention custom-tailored retention
strategies based on individual employee profiles,
such as enhanced career development opportunities
or improved job satisfaction levels.

Jain and others [6] provide an exhaustive survey on
different employee turnover prediction models used
in HR management. This paper surveys conventional
and statistical techniques like regression analysis to
quite advanced machine learning techniques like
neural networks and SVMs. The objectives of the
paper are to compare different approaches in terms of
their strengths and weaknesses and are more
gradually focused on the growing need to implement
the new technology of machine learning into
employee retention or reduced turnover.

Lee & Kim [7] use ensemble learning techniques
such as bagging and boosting to predict employee
attrition. The resulting research results indicate that
ensemble methods are more effective with respect to
accuracy and robustness than individual models.
Further, the effect of adding feedback from
employees about performance measures and
demographics of model establishment is discussed.
The authors posit that the ensemble methods would
deliver the best way forward for improving human
resource decision-making by providing the most
accurate predictions of attrition in employees.

Patel et al. [8] focus on machine learning algorithms
regarding HR analytics, specifically attrition
prediction. They constructed an array of algorithms,
including logistic regression, decision trees, and
random forests, to study employee turnover
prediction. It is also mentioned that a good
combination of quantitative data like performance
metrics and qualitative data like satisfaction-from-
job has to be taken into consideration in formulating
that perfect prediction model, thereby improving its
accuracy and effectiveness in designing retention
strategies.

Nguyen et al. [9] Predictive modeling for fare
evictions within the tech industry has been explored
by Nguyen et al. They embrace the use of machine
learning algorithms, such as cauldrons of
designations and random abound, to assess the
likelihood of employees leaving the company. Doing
so by analyzing a wide range of employee features—
from job satisfaction, compensations, and career
progression—clearly shows how these predictive
models can help in the design of targeted retention
strategies that are unique for a tech organization.

Ravi & Sinha [10] discuss the applicability of neural
networks and deep learning techniques in predicting
employee attrition. The analysis focuses on different
conventional methods in machine learning in contrast
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to deep learning approaches, showing the strong
capacity of neural networks over the traditional
systems in modelling complex nonlinear
relationships between employee attributes and the
danger of turning customers over. The models show
that deep learning models, particularly multi-layered
perceptrons, performed better than simpler models in
terms of predictive accuracy, especially with larger
datasets and multiple features.

IV. SYSTEM ARCHITECTURE

This is another real-time implementation concerning
machine learning for predicting employee attrition.
They base the design on worker attrition problems
and further process it with several additional layers to
improve their actual prediction and provide
actionable insights for human resource management.

This is the lowest layer, being the Data Collection
Layer, which collects employee information from
various sources among HR systems. It collects types
of information, which include performance and
engagement, demographics, job satisfaction, and
attrition data from some surveys carried out on the
past of an organization with regard to employees.
This type of internal source employs the same
measures as HRIS (Human Resource Information
Systems), employee surveys, performance reviews,
or any other organizational tools.

At the moment of data collection, the Data
Preprocessing Layer cleans the data to prepare it for
analysis. Such processes include handling null
entries, deleting duplicate entries, and transforming
some variable types, such as encoding to define
entries with categorical variables. Such processes are
included at this layer, where new features are created
through feature engineering to enhance the model's
predictive capabilities—for example, by aggregating
scores to assess levels of engagement or job
satisfaction. Continuous variables would also require
normalization or standardization to keep their values
consistent and thus to ensure the suitable working of
machinery algorithms.

On the basis of the algorithms used for predicting
employee attrition, the model selection layer includes
algorithms such as logistic regression, random forest,
gradient boosting, XG Boost, and Cat Boost,
specifically chosen for this purpose. The dataset is
then split for training and testing purposes, allowing
the model to undergo both training and evaluation.
Model estimation is subsequently performed through

hyperparameter tuning, utilizing either Grid Search
or Randomized Search.

There is also a cross-validation process performed to
enhance the reliability of the model across different
data subsets, which helps in preventing overfitting
and ensuring generalization. There is also a cross-
validation performed to strengthen the reliability of
the model for different data subsets by preventing
overfitting and ensuring generalization.

The conductance of real-time predictions for each
employee starts at this layer-the Prediction Layer-
after the training and evaluations the model
undertook. This layer is the one that will give insight
to HR regarding attrition risks created by such
interventions, of course within specific timing.

Therefore, based on the prediction made by the
model, the HR can either trigger staying interviews
for the highly endangered individuals or whimsically
act for better work-life balance for those highly
endangered employees. This brings it even deeper as
the information is made available and understandable
by the dashboards provided within the Actionable
Insights Layer. Such public dashboards visualize the
drivers of attrition risk.

Predicts the
¥G Boost risk of the

Classifier employee
attrition

Enters the
details of the

employee

Fig 1: System Architecture
V. METHODOLOGY

The predictive approach to identify attrition risk in
this paper builds machine learning algorithms off
trained employee performance, engagement,
demographics, and job satisfaction data. Using this
approach, real-time predictions of the likelihood of
an employee leaving the organization can be made to
help the HR manager implement tailored intervention
strategies to mitigate attrition risk.

The historical employee data that was used to train
the predictive templates is related to employee
employment attributes (e.g., performance ratings,
engagement data, demographics, and job
satisfaction). The employee attributes are the
predictors of employees' voluntary turnover risk. In
order to predict employee attrition using machine
learning algorithms, different machine learning
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models were developed and evaluated. The models
are logistic regression, random forest, XG Boost,
support vector machine (SVM), Light GBM, Cat
Boost, and AdaBoost. The models' performance was
compared to one another in the context of each other
using a Receiver Operating Characteristic (ROC)
curve and Area Under Curve (AUC) metric for the
main evaluation of accuracy in the model
performance. The highest performing model was XG
Boost with an AUC of 0.796, closely followed by Cat
Boost with an AUC of 0.785, each with solid
discriminative power to discriminate between
employees with a high risk of turnover and others
who have the highest chance of retention.

VI. DATASET DESCRIPTION

This is derived as the research employs the data
collected from the "IBM HR Analytics-Employee
Attrition and Performance" coursework for attrition
prediction of employees. There are 31 attributes in
total housed under 1,470 instances; each row
corresponds to one employee while each column
corresponds to employees' attributes. Those attributes
are What's more demographic: Age, gender,
education, etc., then the job-related ones: Job role,
job satisfaction, and work-life balance "performance
rating," and finally progression in career such as total
working years, years at the company, and years in the
current role. The last dependent variable indicates
whether the employee has quit due to a value of 1 or
is still in employment as indicated by a value of 0; it
is called Attrition. All these highly informative string
materials within this dataset interpret the variables
important for turnover and build up the machine
learning model to predict future attrition risk.

All functions forming the preparation of data for
feeding it to the machine learning model, cleaning,
consistency checks, and model readiness are among
the essential activities in data preprocessing. Gaining
access and opening the original database toward
synthesizing the first data set shall then be visiting
under authenticity verification of the actual figures
per 1470 rows by 31 columns. Missing values were
replaced or deleted for the final dataset's validation,
which recorded zero entries as missing. Categorical
attributes—like job role, job satisfaction, and
gender—were converted into a set of numerical
integers for feeding into the machine-learning
algorithms. The job satisfaction attributes were
weighted ordinally, like job satisfaction ("low,"
"medium," or "high"). For treatment, other nominal
variables were required to be one-hot encoded.

Numeric variables had age, years at the company, and
performance rating, and they were taken for outlier
inconsistencies. Finally, the dataset was split between
the training and test sets for a more accurate
evaluation of model performance. Such activity, in
fact, involves processing procedures towards
achieving proper standardization and optimization of
the data for prediction modelling.

VII. RESULTS

The employee attrition prediction project evaluated
many machine learning algorithms in search of
applying the best algorithm predicting the probability
of the employees leaving the company. The
algorithms reviewed included AdaBoost, Cat Boost,
XG Boost, Support Vector Machine (SVM), Random
Forest Classifier, and Logistic Regression. The
models were compared and validated by training and
test accuracy while determining models to implement
in real life. The AdaBoost classifier yielded a training
accuracy of 90.77% and a slightly lower testing
accuracy of 83.22%, indicating low overfitting. The
Cat Boost classifier has a remarkable training
accuracy of 98.45% and a testing accuracy of
85.03%, meaning that it is certainly showing a good
level of generalization but needs work. SVM also
performed well, comparing favourably to the mean
with a training accuracy of 93.49% and a testing
accuracy of 86.62%. Random Forest Classifier has
perfectly trained on all the subjects but only achieved
83.67% testing accuracy and indicates that Random
Forest Classifier is likely to demonstrate overfitting.
Logistic regression showed similar testing
performance as well, with 92.71% training accuracy
and 86.39% testing accuracy. However, the highest
performance model was only XG Boost, which
produced perfect training with 100% training
accuracy and the best testing accuracy at 85.49%. The
high value of testing accuracy is compounded on
perfect training accuracy shown by XG Boost.

Madel Accuracy Comparison (Training vs Testing)
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Fig 2: Model accuracy comparision
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A comparative research study in employee attrition
prediction using models such as logistic regression,
random forest, XG Boost, support vector machine
(SVM), Light GBM, Cat Boost, and AdaBoost. The
comparison was based on Receiver Operating
Characteristic (ROC) with Area Under Curve (AUC)
values as the major criterion for measuring
effectiveness. The best AUC value recorded, which
was 0.785, belongs to the predictive power of XG
Boost. Two curves adhere to the top left corner with
very high discrimination ability between employees
likely to stay and employees at risk for attrition.
AdaBoost did not let down with an AUC of 0.783,
although it could not surpass the other two
contenders. Random Forest was a little poorer,
having a fair value of 0.770 AUC, which is much
more respectable but lower than those of the highest
competitors.

On the flip side, logistic regression fared badly since
its AUC was quite random, guessing at 0.562 due to
it almost having its ROC close to the diagonal line.
On the contrary, SVMs perform badly with 0.500
AUC, rendering their performance worthless on
employee attrition prediction. So, above, We see that
XG Boost is the victor. The ultimate choice of model
will be as per the speed-accuracy-interpretability
nexus. Here, it is XG Boost, which tends to have a
further extensive advantage in real-time employee
attrition prediction.

Model Training Accuracy Testing Accuracy
1 AdaBoost 0.9077 0.8322
2 CatBoost 0.9845 0.8503
3 XGBoost 1.0 0.8549
4 SWM 0.9349 0.8662
5  Random Forest 1.0 0.8367
6 Logistic Regression 0.9271 0.8639

Fig 2: Comparison of models

VIII. CONCLUSION

This project demonstrates the capability of machine
learning models to predict employee attrition and
enable premptive interventions for improving
workforce stability. After comparing a number of
models, XG Boost was the most stable and accurate
model with high training accuracy and great
generalization on unseen data. By providing precise,

real-time predictions of employee turnover risk,
organizations can take preemptive actions to retain
valuable employees, reduce recruitment costs, and
optimize productivity. The ability of the model to
estimate individual risk profiles and personalized
retention strategies provides authority to HR
managers to make informed, fact-based decisions that
further lead to improved employee retention.

XI. FUTURE WORK

Future studies can expand upon this exciting
methodology and study additional variables such as
unique factors related to employee voice as well as
organizational culture and external variables such as
environmental variables to its predictive capacity.
Furthermore, it would be interesting to probe a wider
variety of modeling techniques beyond the modeling
techniques described in this proposal, including
ensemble learning and deep learning models, to
further improve the prediction capacity and to
consider and manage complex, nonlinear variables.
Finally, it will be important to test and apply the
model in real-time in a human resource context to
provide human resource managers meaningful
operational insights based on real-time employee
data. Additionally, it would be beneficial to allow for
future learning capabilities so that the estimates could
learn over time and increase the predictive power as
more employee data was collected.

X. DISCUSSION

The results obtained with various machine learning
algorithms such as AdaBoost, Cat Boost, XG Boost,
SVM, Random Forest, and Logistic Regression
provided insightful information regarding the
predictive capabilities of each algorithm for
predicting employee attrition. While the results of
XG Boost were superior, other algorithms with
Support Vector Machine (SVM) and Logistic
Regression exhibited comparable testing accuracy
and therefore could be considered appropriate for the
same task. That said, the strongest Random Forest
and AdaBoost model results came at the expense of
overfitting, which is an important consideration for
real-life application. The findings highlight how
important it is to select an appropriate model,
optimize the modelling parameters, and cross-
validate in order to achieve the best and most
replicable results when attempting to predict
employee attrition.
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