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Abstract — Attrition among employees is one of the greatest concerns in the modern organization due to high expenses caused
by recruiting new personnel, productivity losses, and reduction of corporate knowledge. In the research under consideration,
there is a developed predictive modeling system intended to predict employee attrition and develop appropriate retention
strategies. The proposed methodology uses complex machine learning techniques such as Random Forest, Gradient Boosting,
and ensembles along with mechanisms of explainable artificial intelligence that provide transparency of the model and facilitate
its application. By applying the IBM HR Analytics Employee Attrition dataset containing information about employees’
features, the framework uses advanced techniques of preprocessing, class balancing, and feature engineering to take into
account complex aspects of attrition. As a result of experiments, it is revealed that the ensemble model demonstrates better
forecasting results compared to baseline models. The interpretation of results based on the SHAP technique shows that
overtime, monthly income, length of service, and job satisfaction are the most important factors affecting attrition. Thus, the
research provides an innovative approach that will help turn human resource management into proactive workforce planning.
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The emergence of machine learning and Al has
revolutionized the domain of predictive workforce

I. INTRODUCTION

Human capital represents the most crucial strategic
resource in present day organizations as it impacts
productivity, creativity capability, efficiency of operations
and competitiveness position in the long run. Nevertheless,
employee attrition, which is defined as the process of
voluntary or involuntary leaving of workers from an
organization, poses the issue of great importance and cost
to the organizations of all kinds in different countries
around the world. The fact is proven by numerous studies
and shows that replacement of an employee involves
considerable expenses for any organization depending on
the complexity of a worker’s task and size of the company

[2].

The need for organizations to be able to predict and
mitigate employee turnover has driven the development of
Human Resource Analytics as a key organizational skill.
The conventional methods of examining employee attrition
have mostly involved using descriptive analysis, exit
interviews, and analysis based on past experiences, which
are essentially reactive in nature and not predictive.
Though these methods do provide information about the
past, they do not help to understand the complicated
interactions between various demographic and job-related
variables as well as behavioural variables that can affect
the decisions of employees. Data obtained through exit
interviews also have some well-known weaknesses such as
lag, social desirability bias, and the inability to measure
pre-turnover behaviour [1][4].

analytics. With the help of complex computer algorithms,
massive amounts of both structured and unstructured data
from HR could be fed to detect hidden trends, calculate
attrition probabilities for employees and derive relevant
recommendations for prevention. Today’s ensemble
approaches, including Random Forest, Gradient Boosting,
XGBoost, and CatBoost, prove their high efficiency in
classification problems when dealing with imbalanced
datasets typical of cases of employee attrition.
Nonetheless, there is still one crucial problem that should
be solved — the trade-off between prediction accuracy and
interpretability of the model. Complex ensemble
algorithms, although being highly efficient in terms of
performance, are considered "black boxes" [3][5][7].

These recent developments in the field of explainable Al
techniques, especially SHAP and LIME, have solved this
problem of lack of interpretability by offering transparent
attributions for predictions made by the models. Through
these techniques, organizations can understand not only
who will be leaving but also why they are leaving, making
it easier for them to design retention strategies which can
be very specific to the employees' situations [6][8].

The present study proposes an integrated predictive
workforce analytics approach which solves three important
problems that exist in literature. Firstly, although many
studies compare machine learning algorithms for the
prediction of attrition, there have been very few studies
which have carried out evaluations of algorithms on the
basis of both performance and interpretability criteria.
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Secondly, the issues related to practical concerns such as
data leakage, class imbalance and hyper parameter tuning
have not been well addressed in literature [4][7].

There are three important contributions in the framework.
Technical contribution is the implementation of an
elaborate machine learning pipeline using state-of-the-art
ensemble models with class balancing and extensive
feature engineering. Analytical contribution is the
utilization of SHAP-based interpretability for gaining
insights about the factors driving attrition at both aggregate
and individual levels. Practical contribution is the creation
of a decision support system through which predictions are
converted into actionable recommendations regarding
compensation changes, career development opportunities,
work-life  balance  improvement and  managerial
intervention [6][8][10].

The rest of the paper is divided into the following sections.
In Section Il, an extensive literature survey is provided
covering studies related to employee attrition prediction,
machine learning approaches and interpretability of ML
models. The proposed methodology is explained in
Section Il including data pre-processing, feature
engineering, model building and interpretation approach.
Quantitative results, comparison and analysis are provided
in Section V. Conclusion is presented in Section V.

Il. LITERATURE SURVEY

The body of knowledge on employee turnover prediction
has gone through great developments over the last decade.
It has moved from descriptive statistics to advanced
machine learning models, built on massive datasets
available in organizations. This review brings together
modern studies related to three interrelated areas:
theoretical background of employee turnover, machine
learning techniques used for turnover prediction, and
explainability principles for human resource analysis

[11[41[9]:

Employee turnover is a complex and multifaceted
phenomenon. It involves individual, organizational, and
external determinants. It was revealed through the
fundamental ~ research  that  supervisor  support,
organizational justice, and fair treatment are key factors
impacting employees' intentions to stay within the
organization. According to Allen et al., applying evidence-
based strategies can bring considerable gains in terms of
voluntary turnover reduction. More recently, several major
drivers of turnover were discovered: limited career
development opportunities, insufficient compensation,
poor management, imbalance of work and life, mismatch
between the job requirements and employee qualifications,
as well as toxic culture in an organization. From the
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financial perspective, the cost of replacement is a multiple
of the annual salary [2][5].

The use of machine learning in predicting attrition has led
to a wealth of research that is distinguished by algorithmic
variety and development. An analysis of machine and deep
learning models has revealed several factors that act as
indicators of attrition such as job satisfaction, workload,
and compensation. Data pre-processing and feature
selection have been seen as very significant in improving
the performance of the models used. Various traditional
algorithms such as Logistic Regression, Decision Trees,
Support Vector Machines, and Random Forest have been
employed, but there is a trend towards ensemble
techniques to improve accuracy and robustness of results

[LI[3][4][5]-

Ensemble algorithms have been found to be particularly
useful for handling the class imbalance issue that exists in
attrition datasets. The Random Forest algorithm was found
to perform well in hybrid workplace scenarios where
feature importance showed role perception, overtime, and
remote participation to be important variables. Models
using CatBoost have attained high F1 scores with
SMOTE-NC class balancing and Optuna hyperparameter
tuning, while at the same time delivering high-regression
accuracy in predicting job tenure. The Extra Trees
classifier has performed exceptionally well in cases where
datasets were balanced. Literature reviews have shown
Random Forest to be an effective algorithm [5][7][10].

Interpretability problems with machine learning methods
used for attrition prediction have fueled extensive research
on techniques of explainable artificial intelligence. SHAP
method is widely recognized for its ability to offer clear
explanation of each prediction, thus allowing HR
specialists to see exactly what particular factors contribute
to attrition risk for each employee. Combining SHAP
method with deep learning models has led to high accuracy
of attrition prediction along with providing transparency
for HR decision-making. The use of SHAP and LIME
together has been shown to increase both accuracy and
relevancy of the model results, helping to make the link
between prediction and management decisions. The latest
research on psychological approach to analyzing attrition
dynamics used SHAP technique to discover the push-pull
factors behind the decision to leave [6][8][9][10].

Though much has progressed, there remain a number of
research gaps. First, most of the previous research focuses
on building the model without considering the practical
implementation issues such as avoiding data leakage,
conducting temporal validation, and integration with the
human resources information system. Second, although
many different algorithms have been compared, an
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analysis of those algorithms taking into account not only
their performance but also interpretability with practical
implementation issues is still lacking. Finally, turning
predictive outcomes into actionable retention plans needs a
methodological approach for connecting the data science
and human resources fields. This research fills these gaps
with a comprehensive framework combining all the
mentioned components.

I11. PROPOSED METHODOLOGY

The predicted workforce analytic approach consists of the
following five integrated phases: data acquisition and pre-
processing, feature extraction, model construction and
optimization, interpretability assessment, and decision
support integration. The proposed method is intended to
provide for not only high predictive performance but also
for deployment.
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Figure 1: Proposed Predictive Workforce Analytics
Framework Architecture
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Data Acquisition and Preprocessing

The IBM HR Analytics Employee Attrition Dataset acts as
the key data source, which consists of data of the
employees  having  multiple  attributes  including
demographics data, remuneration data, satisfaction data,
work-life balance data, and progression data. The dataset
suffers from the problem of class imbalance that is
common with the actual world attrition cases because
retained employees dominate compared to the number of
employees who have left.

Data preprocessing follows a pipeline approach where
missing values detection and management are first
performed. Even though the IBM Dataset is quite
complete, the data preprocessing process considers
measures of dealing with incomplete data using median
imputation for numeric attributes and mode imputation for
categorical attributes. Outlier detection is done using
interquartile range with Winsorization of outliers of
compensation and tenure data.
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The method used to encode the categorical variable
includes a combination of one-hot encoding for low
cardinality categorical features and target encoding for
high cardinality categorical features. Dimensionality and
information retention are taken into consideration by using
such an encoding method. Scaling of numerical features is
done through standardization so that all features contribute
equally, regardless of different measurement scales.

Addressing class imbalance is a very important
preprocessing step. The system uses a number of
resampling methods, including SMOTE, Adaptive
Synthetic Sampling and over and under sampling
combination techniques. In order to improve the decision
boundary for the minority class, SMOTE creates new
samples on line segments between the minority class
examples and their nearest neighbors. Stratified sampling
is also used to maintain class proportions in training and
validation sets.

Feature Engineering

Feature engineering involves creating informative features
out of the raw attributes in order to boost the model’s
discriminatory power. The model includes three types of
feature construction mechanisms: interaction features, time
features, and index construction.

The first type involves synergies between attributes. The
ratio of monthly income to job rank is an example of such
an attribute. It creates a normalized measure of
compensation that can be compared across ranks. Another
example of interaction features is the multiplication of the
status of being on overtime and work-life balance. This
gives a composite measure of stress levels.

Temporal attributes are obtained from tenure and career
progression attributes. The ratio of years in present job to
total years in work is an indication of career speed. Ratio
of years in company to age is a means of assessing
organizational embedment. Such temporal attributes
provide for the dynamism that exists in careers as opposed
to static measures.

The composite attributes are a result of combining similar
attributes to create a single attribute. A satisfaction
attribute comprises of environmental satisfaction, job
satisfaction, relationships satisfaction, and job involvement
attributes. A stability attribute involves years in company,
years in present job, and years since last promotion
attributes.
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Figure 2: Feature Engineering and Model Development
Pipeline

Model Development and Optimization

The ensemble architecture follows a multi-algorithm
strategy to benefit from the strengths of different learning
algorithms. The ensemble is composed of four base
learners: Random Forest, Gradient Boosting, XGBoost,
and CatBoost.

The Random Forest algorithm creates an ensemble of
decision trees using a bootstrap sample and a random
subset of features at each split. The algorithm uses bagging
to decrease variance and maintain low bias, achieving high
performance regardless of the data characteristics. It
includes its own feature importance mechanism to provide
initial interpretability.

The Gradient Boosting algorithm is based on boosting,
where a sequence of weak learners is constructed with
each learner trying to correct the mistakes of the previous
learners using gradient descent. Boosting leads to highly
accurate predictions by improving the decision boundaries
iteratively.

The XGBoost model has been augmented by adding
regularization components to avoid overfitting, parallel
processing capability, and handling of missing values
directly. Class imbalance in the XGBoost model is handled
using the scale_pos_weight parameter.

CatBoost is an enhancement to the gradient boosting
model through the addition of ordered boosting to address
prediction shift bias, along with handling of categorical
features directly without any preprocessing requirement.

Hyperparameter tuning will be done using Bayesian
optimization with the Tree-Structured Parzen Estimator
method. This technique explores and exploits the
hyperparameter optimization space that includes tree
depth, learning rate, regularization  parameters,
subsampling ratio, and feature selection threshold.

Soft voting ensemble integration averages the class
probability of each base classifier. This method capitalizes
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on the diversity of individual models to enhance the
model’s generalizability. An alternative method of
ensemble integration is stacking with a meta-learner using
the logistic regression classifier to predict the base models’
outputs.

Interpretability Analysis

SHAP values, a measure for interpretability based on
cooperative game theory, have been incorporated into the
framework to facilitate an explanation of the prediction
results of models both globally and locally. The global
interpretation involves identifying the most important
features contributing to the prediction of attrition in terms
of their mean absolute SHAP value.

A local interpretation provides an explanation of the
prediction for a specific data point, attributing deviations
from the expectation to the contributions of individual
features. These values are calculated as the marginal
contribution of features for prediction across all possible
subsets of features. They satisfy such desirables as local
accuracy, missingness, and consistency.

Feature importance rank involves aggregation of the SHAP
value over all data points for finding dominant factors that
drive attrition. Dependence plot shows the effect of feature
value on SHAP value contribution. Force plot is an
individual-level explanation of model predictions for case
management discussion.

Decision Support Integration

The last methodological stage entails transformation of the
predictive output into effective retention plans. Employees
will be divided into attrition risk classes according to their
probability of leaving the company, the threshold levels of
which will be chosen depending on the risk tolerance of
the organization and availability of its resources. High-risk
employees get priority consideration, and moderate-risk
employees join the monitoring programs.

Retention plan generation is connected with matching
SHAP explanations to certain categories of intervention.
Employees for whom compensation is a reason for attrition
get recommendations about conducting salary reviews. If
the cause of attrition is career stagnation, development
plans are proposed for such employees. For work-life
balance issues, flexible arrangements should be discussed.

Integration with the dashboard enables the HR specialist to
use the visualization of risk distribution, monitoring trends,
and intervention status.
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IV. ANALYSIS AND DISCUSSION

In this section, the results, analysis, and discussion of
findings are presented with respect to the predictive
workforce analytics framework.

Experimental Setup
The framework was assessed on the IBM HR Analytics
Employee Attrition dataset. The dataset was split into
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training and validation datasets via stratified sampling. All
experiments were conducted using the same preprocessing
and evaluation methodology. Various metrics were used to
assess the performance of the framework, focusing on
metrics which take into consideration both precision and
recall.

Comparative Analysis of Machine Learning Models

Table 1: Comparative Analysis of Machine Learning Models for Employee Attrition Prediction

The comparative analysis uncovers different levels of
performance for evaluated models. Conventional
approaches such as Logistic Regression and Decision
Trees deliver basic performance levels with good
interpretability and poor discrimination ability. Ensemble
learning approaches such as Random Forest and Gradient
Boosting show great performance improvement in all
indicators. The suggested ensemble model combining
XGBoost and CatBoost gives the highest performance
level while keeping the interpretability using SHAP
approach.

.. AUC- - Training
Model Accuracy Precision Recall F1-Score ROC Interpretability Complexity
Loglst!c Moderate Moderate Low Moderate Moderate High Low
Regression
Dgrcrl:éon Moderate Moderate Moderate Moderate Moderate High Low
Random High High High High High Moderate Moderate
Forest g g g g g
Gradient . . . . .
Boosting High High High High High Moderate Moderate
Very Very . Very Very
XGBoost High High High High High Moderate Moderate
Very Very Very Very Very .
CatBoost High High High High High Moderate High
Ensemble Vo_ary Vo_ary V(_ery V(_ery Vgry High High
(Proposed) High High High High High

080

08

” | \
!
06 w
U i

“1lf |

Normalized Performance Score

0.2 {

~i
\,

i

0.0
Logistic Decision Random Gradient XGBoost
Regression Tree Forest Boosting

Model

CatBoost Ensemble

n [ Recall
Figure 3: Model Performance Comparison Across
Evaluation Metrics
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Feature Importance and Attrition Drivers

Explanation through SHAP analysis shows which features
are driving the predictions about attrition and have the
most influence on this matter.

OverTime 0182
Monthlylncome
Age
TotalWorkingYears Feature Categories

YearsAtCompany M Compensation

JobSatisfaction | Career
W satistaction
B work-ife
B Oemographic

EnvironmentSatisfaction
WorkLifeBalance
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Mean Absolute SHAP Value

Figure 4: SHAP Feature Importance Analysis

Analysis of feature importance indicates that the overtime
variable is the most important driver for attrition. The risk
of attrition increases significantly among individuals who
are obliged to work overtime. Monthly salary shows an
inverse relationship between attrition; the risk is high
among individuals receiving low salaries. Age and total
working period both have non-linear impacts on attrition,
where the risk of moving increases among younger
workers and individuals with less experience in the
organization.
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Figure 5: SHAP Dependence Plots for Key Features

Risk Stratification and Retention Insights
The stratification of workers into different levels of risks is
done according to their probability of attrition.

—_——
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International Journal for Novel Research in Economics , Finance and Management

www.ijnrefm.com
ISSN:3048-7722

Volume 4, Issue 5, Sep-Oct-2026, PP: 01-8

100%
Primary Attrition Driver
B compensation
0% Career Development
B worlcife Balance

I Management Relationship

g
2

Risk Tier Distribution

%o Primary Driver

RiskTier pioyees (Highest)

2

Compensation

| Citcal = (5%)
Compensation
"
- o High a (30%)
2% Work-Ute Balanco
5 Moderate % B
= Nl - . Work-Ue Balice

Critical High Moderate Low 35%)
(12%) (22%) (38%) (28%)
Risk Tier

Figure 6: Employee Risk Stratification Distribution

Percentage of Employees

The risk stratification analysis shows that a reasonable
number of employees have been classified into the critical
and high-risk categories, thus making it possible to
intervene on a targeted basis. The main drivers of concern
in the critical and high-risk categories include
remuneration, career development, and work-life balance.

Discussion

The outcomes from the experiment prove the effectiveness
of the proposed model for predictive analysis of the staff.
The use of the ensemble method based on the usage of
XGBoost and CatBoost proves that a combination of
different algorithms outperforms the base classifiers, thus
validating the effectiveness of diverse algorithms in
solving the problem of predicting attrition patterns.

The outcome of the experiments in regard to the
importance of features proves the validity of the results.
First, the importance of overtime is consistent with the
previous research on the role of workload and work-life
balance as the key factors that influence attrition. Second,
the negative impact of the level of compensation on the
rate of attrition is also consistent with the previous
literature. Third, the effect of job satisfaction and
environmental satisfaction on attrition proves previous
theoretical assumptions.

Implications of these results are significant in practice.
Organizations can apply the proposed framework to spot
employees who are at risk prior to their manifestation of
job search activities, allowing timely intervention. With
help of SHAP-based explanations, organizations receive
concrete and actionable information that is essential for
retention discussions, as opposed to generic retention
programs.

There are several limitations of the research, which should
be noted. First, the proposed framework is based on
historical data and therefore, predictive relationships might
change along with the organizational environment. Second,
although IBM dataset is frequently used, it does not
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necessarily contain all necessary determinants of attrition
in certain organizational environments.

V. CONCLUSION

This research proposed an elaborate predictive workforce
analytics framework for predicting employee attrition and
managing retention. The framework combines modern
machine learning algorithms and explainable Al
techniques in order to provide both predictive accuracy
and actionable insights for human resource practice.

The suggested approach involves five consecutive stages:
data collection and preprocessing, feature engineering,
modeling and optimization, interpretation, and decision-
making support integration. Data preprocessing takes care
of the class imbalance issue via resampling methods and
ensures proper preprocessing of categorical and numeric
features. Feature engineering creates interaction, time
series, and composite features to represent attrition process
more comprehensively than simple attributes can do.
Modeling stage involves using a multi-model algorithm
ensemble which consists of Random Forest, Gradient
Boosting, XGBoost, and CatBoost. The Bayesian
optimization and soft voting technique are employed at
this stage. Interpretability is performed with the help of
SHAP method.

The experimental evaluation confirms the effectiveness of
the framework in various performance metrics. The
ensemble model outperforms individual base classifiers,
thus confirming the multi-algorithm approach. The results
from the SHAP analysis indicate that the important factors
influencing attrition are overtime status, monthly salary,
age, tenure, and job satisfaction, confirming and enhancing
previous research findings. Risk stratification helps
allocate interventions efficiently, while the process of
generating recommendations connects the explanation to
concrete retention steps.

The contributions of the present research include a
replicable framework of workforce analytics based on the
use of machine learning and explainability; a systematic
examination of ensembles for predicting attrition; and an
approach to translating the predictions into retention
measures. The practical contributions are a framework for
workforce talent management within organizations;
explainable predictions that help HR make decisions; and
actionable retention recommendations personalized for
each employee.

Potential areas of future research can involve the
expansion of the model into using unstructured sources, for
example, employee sentiments from communication
channels and narratives from performance reviews. The
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temporal modeling approaches could include RNNs and
transformer models to track changing attrition risks in
time. Transfer learning could help adaptively transfer
models trained in one organizational environment to others
with a shortage of data. Real-time HR systems integration
could allow tracking risks dynamically and trigger
appropriate actions. Longitudinal studies measuring the
effectiveness of retention efforts driven by the framework
could provide the necessary feedback for continuous
improvement.

The evolution of HRM from being reactive to predictive is
an important leap in organizational capabilities. The
research provides a sound and practical framework for
predicting and preventing employee turnover that can be
very useful for organizations.
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