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Abstract:

Employee attrition represents a major challenge for organizations as it directly impacts workforce
stability, productivity, and operational efficiency. High attrition rates lead to increased recruitment costs,
loss of organizational knowledge, and disruption of business continuity. With the increasing availability of
human resource analytics data, machine learning techniques have been widely adopted to predict employee
attrition. However, most existing approaches focus primarily on static binary classification models that
predict whether an employee will leave or stay, without considering interpretability, temporal risk patterns,
or actionable insights. This research proposes a predictive analytics framework for employee attrition that
integrates machine learning models with explainable artificial intelligence (XAI) techniques. The frame
work utilizes an enhanced HR analytics dataset containing employee demographic, behavioural,
performance, and organizational attributes. Random Forest and Logistic Regression models are used as
predictive models, while SHAP (SHapley Additive Explanations) is employed to provide global and local
interpretability of the predictions. In addition to predictive modelling, this study introduces an Attrition
Controllability Index (ACI) to differentiate between controllable organizational factors and uncontrollable
demo graphic attributes contributing to attrition risk. Furthermore, the study evaluates fairness and bias
across demographic groups to ensure responsible Al deployment in HR decision-making systems.
Experimental results demonstrate that explainable machine learning models provide better transparency and
actionable insights compared to conventional black-box prediction systems. The proposed framework
supports HR managers in identifying key drivers of attrition and implementing targeted employee retention
strategies.

Keywords—Employee Attrition, Predictive Analytics, Explainable AI, SHAP, Fairness in Machine
Learning, Human Resource Analytics
sk sk sk s sk sk sk sk skeoske sfeoske sk sfeoske skeoskeoskeoskoske sk sk sk

results in the loss of organizational knowledge
and operational efficiency [2].

High employee turnover results in several
negative consequences including recruitment
expenses, training costs, productivity losses, and
disruption in project continuity [3]. Studies
indicate that organizations spend significant
resources to replace skilled employees,
particularly in knowledge-intensive industries

I.  INTRODUCTION

Human resources are one of the most valuable
assets of an organization. The success of any
enterprise largely depends on the stability,
productivity, and satisfaction of its workforce [1].
However, employee attrition has become a
critical concern for organizations worldwide.
Attrition refers to the reduction of employees due
to resignation, retirement, or termination, which
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such as information technology, consulting, and
finance [4].

Traditional human resource management
practices relied heavily on manual analysis and
managerial judgment to identify employees at
risk of leaving [5]. However, the rapid growth of
data-driven  decision-making has enabled
organizations to utilize predictive analytics
techniques to forecast employee attrition [6].

Machine learning algorithms such as Logistic
Regression, Random Forest, Support Vector
Machines, and Gradient Boosting have been
widely used for employee attrition prediction [7],
[8]. These models analyse historical employee
data to identify patterns associated with employee
turnover.

Despite these advancements, existing attrition
prediction models suffer from several limitations.
Many models focus exclusively on predictive
accuracy without providing interpretable insights
into the factors influencing employee departure
decisions [9]. In real-world HR environments,
decision makers require transparent explanations
to trust and act upon predictive analytics results.

Another critical limitation is the lack of
actionability in existing models [10]. Predictions
that identify high-risk employees without
distinguishing controllable organizational factors
from uncontrollable personal attributes provide
limited practical value.

Furthermore, recent concerns regarding bias
and fairness in machine learning models have
raised ethical challenges in HR analytics [11].
Predictive systems trained on historical data may
inadvertently propagate demographic bias,
leading to unfair decision-making.

To address these limitations, this research
proposes a comprehensive predictive analytics
framework that integrates machine learning,
explainable Al techniques, fairness-aware
evaluation, and actionable decision intelligence.

Available at www.ijsred.com
II PROBLEM STATEMENT

Employee attrition prediction has been widely
studied using machine learning models. However,
existing approaches exhibit several key limitations
that reduce their practical applicability in real-world
human resource (HR) decision-making
environments.

First, most traditional models treat employee
attrition as a binary classification problem that
predicts whether an employee will leave the
organization or remain employed [12]. While this
formulation simplifies the prediction task, it fails to
capture the temporal dynamics of attrition risk, such
as when an employee is most likely to leave and how
the risk evolves over time. Consequently, such
models provide limited support for proactive
workforce planning and early intervention strategies.

Second, many predictive models operate as black-
box systems that provide little transparency
regarding their internal decision-making processes
[13]. In practical HR environments, managers
require interpretable explanations to understand the
underlying drivers of employee attrition. Without
explainability, organizations may struggle to trust or
effectively utilize predictive analytics systems for
strategic decision-making [14].

Third, existing research rarely differentiates
between controllable organizational factors such as
salary growth, job satisfaction, workload, and career
development opportunities, and uncontrollable
demographic attributes such as age or marital status
Without this distinction, predictions cannot be
effectively translated into actionable HR policies.

Fourth, fairness and bias considerations are often
overlooked in employee attrition prediction models.
Machine learning systems trained on historical HR
data may unintentionally encode demographic biases,
potentially resulting in discriminatory predictions
against certain groups [11]. Such biases can
undermine ethical HR practices and violate
principles of fairness and equal opportunity.

Therefore, there is a need for a predictive analytics
frame work that integrates explainable artificial
intelligence (XAI), fairness-aware evaluation, and
actionable insights to support responsible and
transparent employee attrition prediction.
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III. RESEARCH OBJECTIVES & CONTRIBUTIONS

A. Research Objectives
e To develop a predictive model for employee
attrition incorporating temporal risk estimation.
¢ To identify and rank key drivers of attrition using
explainable Al techniques.
¢ To introduce an Attrition Controllability Index to
distinguish actionable from non-actionable
factors.
¢ To evaluate fairness and bias in attrition prediction
across demographic groups.
¢ To provide HR-oriented decision insights beyond
binary prediction.

risk

B. Key Contributions
¢ A temporal risk-based employee attrition prediction
framework.
¢ Explainability-driven analysis for transparent HR
decision support.
¢ Introduction of the Attrition Controllability Index for
actionable insights.
¢ Fairness-aware evaluation of HR predictive models.

IV. LITERATURE REVIEW
Employee attrition has emerged as a major concern
for organizations across industries [12]. Predicting
employee turnover using data-driven techniques has
therefore become an important research area in
human resource analytics [13].

Early studies on employee attrition primarily relied
on statistical models such as logistic regression and
survival analysis [14]. These traditional models
focused on demographic attributes, job satisfaction,
and organizational characteristics to determine
attrition risk.

With the advancement of machine learning
techniques, researchers have increasingly applied
classification algorithms to improve attrition
prediction accuracy. Algorithms such as Decision
Trees, Random Forest, Support Vector Machines,
and Naive Bayes have been widely used to analyse
employee datasets and identify patterns associated
with employee turnover [15], [16].
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Several studies have explored ensemble learning
methods for employee attrition prediction [17].
Ensemble models com bine multiple classifiers to
improve model robustness and predictive accuracy.
Recent research has focused on stacking-based
ensemble learning models that integrate multiple

machine learning algorithms into a unified
framework [18].
To address the interpretability challenge,

researchers have introduced Explainable Artificial
Intelligence (XAI) techniques such as SHAP and
LIME [19], [20].

Another emerging concern in employee attrition
prediction research is fairness and bias in machine
learning models [21]. Predictive systems trained on
historical workforce data may unintentionally
encode demographic biases related to gender, age, or
marital status.

Therefore, there is a growing need for predictive
frame works that integrate explainability, fairness
evaluation, and action-oriented analytics [22].
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Based on the literature review, it can be observed
that although numerous studies have focused on
improving pre diction accuracy, limited research has
addressed interpretability, fairness, and actionability
simultaneously. Therefore, this study proposes a
predictive analytics framework that integrates
machine learning, explainable Al techniques,
fairness evaluation, and an Attrition Controllability
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Index (ACI) to support transparent and actionable
employee attrition prediction.

V. PROPOSED SYSTEM ARCHITECTURE

Figure 1 Overall System Architecture for Explainable
Employee Attrition Analytics.

The proposed architecture follows a modular
pipeline consisting of data ingestion, preprocessing,
feature  engineering,  predictive = modelling,
explainability analysis, fairness evaluation, and
decision intelligence. This layered design ensures
scalability, interpretability, and ethical deployment.

V1. Dataset Description and Feature Engineering
A. Dataset Description and  Feature
Engineering

The study utilizes the IBM HR Analytics
Employee Attrition dataset, which contains
1,470 employee records with multiple attributes
related to demographic characteristics, job roles,
performance indicators, compensation details,
and job satisfaction metrics.
Key attributes included in the dataset are:
* Age
« Job Role
* Monthly Income
» Job Satisfaction
* Overtime
* Distance from Home
* Years at Company
» Work-Life Balance
* Promotion History

Irrelevant attributes such as employee count
and other constant variables were removed
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during preprocessing in order to improve model
efficiency and reduce redundancy in the dataset.

Feature engineering techniques were further
applied to derive additional behavioural
indicators that capture employee engagement
and career progression patterns. These
engineered features include:

* Salary Growth Index
* Overtime Intensity Score
* Promotion Delay Indicator
* Experience Stability Ratio
» Satisfaction Aggregate Score

The introduction of these engineered features
improves both the interpretability of the
predictive model and its ability to capture
complex behavioural patterns related to
employee attrition.

VII. PREDICTIVE MODELING

The predictive modelling module is responsible
for identifying employees who are likely to leave
the organization. In this study, two supervised
machine learning algorithms are utilized:
Logistic Regression and Random Forest. These
models are trained on the processed HR analytics
dataset to classify employees into attrition and
non-attrition categories.

A. Logistic Regression Model

Logistic Regression is a widely used
classification algorithm that estimates the
probability of an employee leaving the

organization. The logistic function transforms a
linear combination of input features into a
probability value between 0 and 1.

The logistic regression model can be defined as:
1

PY=11X)= 1+e—(BO+B1x1+B2x2++fnxn) (D)

Where:

* P(Y = 1|X) represents the probability of employee
attrition

* S0 is the intercept

* pi represents the model coefficients

* xi represents input features such as job
satisfaction, salary, overtime, etc.

An employee is classified as likely to leave if:
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P(Y =11X) >0
where 0 is the classification threshold (typically
0.5)

2

B. Random Forest Model

Random Forest is an ensemble learning algorithm
that con structs multiple decision trees and
combines their predictions to improve classification
accuracy.

Given a set of decision trees T1, T2,...,Tn, the
final prediction is determined by majority voting:

Y =mode{T1(X), T2(X),..., Tn(X)} 3)

Random  Forest helps capture nonlinear
relationships among employee attributes such as
salary growth, overtime intensity, and promotion
delays.

C. Model Evaluation Metrics
Model The performance of the predictive models is
evaluated using standard classification metrics.

Accuracy
y 3 TP+TN 4
Uy = TP+ TN+FP+FN )
Precision
Precision = TP 5
recision = oo (5)
Recall
Recall = (6)
TP+FN
F1 Score
PrecisionxRecall
F1 Score=2 X — (7)
Precision + Recall
Where:

* TP = True Positives
* TN =True Negatives
* FP = False Positives
* FN =False Negatives

Available at www.ijsred.com

These metrics provide a comprehensive
evaluation of the model’s ability to predict employee
attrition accurately.

D. XGBoost Model Performance

In addition to Logistic Regression and Random
Forest, the XGBoost algorithm was evaluated to
analyse its predictive performance. XGBoost is a
gradient boosting framework that builds
sequential decision trees to minimize prediction
error and improve model accuracy.

Table II presents the evaluation results of the
XGBoost classifier.

Model Accuracy Precision Recall

F1 Score

XGBoost 0.91 0.88 0.86 0.87

The XGBoost model achieved the highest
accuracy among the evaluated models. Its ability to
optimize gradient-based loss functions and capture
nonlinear feature interactions significantly improves
predictive performance for employee attrition
datasets.

VIII. EXPLAINABLE AT ANALYSIS

Although machine learning models can achieve
high pre diction accuracy, they often operate as
black-box systems. To improve transparency and
interpretability, Explainable Artificial Intelligence
(XAI) techniques are employed.

In this study, SHAP (SHapley Additive
Explanations) is used to explain the predictions
generated by the machine learning models.

A. SHAP Explanation Model

SHAP is based on cooperative game theory and
calculates the contribution of each feature to the
prediction outcome.
The SHAP value for feature i is defined as:

ISI'AFI — 1S = D!
|F|!

Di=Yscp\(i) [fS v {i}) — )] (®
Where:

* o1 represents the SHAP value of feature i

ISSN : 2581-7175

O©IJSRED: All Rights are Reserved

Page 2499



International Journal of Scientific Research and Engineering Development-— Volume 9 Issue 2, Mar-Apr 2026

* F is the set of all features
* S is a subset of features excluding i
* f(S) represents the model prediction using subset

S
The SHAP values quantify how much each feature
con tributes to increasing or decreasing the predicted
attrition probability.

B. Global Feature Importance

Global explanations identify the most influential
features affecting employee attrition across the
entire dataset. The overall importance of a feature
is calculated as the mean absolute SHAP value:

1vnN ()
Importance; = N D j=1 |¢L | )
Where:
* N represents the total number of observations
* ¢(j) 1 represents the SHAP value of feature i1 for
observation j

C. Attrition Controllability Index (ACI)

To measure the extent to which attrition risk is
influenced by controllable organizational factors, the
Attrition Controllability Index is defined as:

_ Liec|®il

ACI=
2jlojl

(10)

where:

* ¢1 represents SHAP values

* C represents controllable organizational features
A higher ACI value indicates that the attrition risk

is primarily influenced by factors that can be

addressed through organizational policies such as

salary adjustments, workload management, or

promotion opportunities.

D. Explainable AI Workflow

The Explainable AI module follows the steps below:
1) Train machine learning models using HR
analytics data.

2) Generate predictions for employee attrition risk.
3) Compute SHAP values for each feature.
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4) Rank features based on contribution to attrition
prediction.

5) Provide interpretable insights to HR decision-
makers.

This explainability framework enables HR
managers to understand the underlying factors
driving employee attrition and implement targeted
retention strategies

IX. ATTRITION CONTROLLABILITY INDEX

A. Definition

The Attrition Controllability Index (ACI) quantifies
the proportion of attrition risk attributable to
controllable organizational factors.

_Zieclil
2jlojl
where ¢i denotes SHAP values and C represents
control-label features.

ACI

B. Algorithm

Algorithm 1 Attrition Controllability Index Computation

for each employee e do
Compute total SHAP impact
Compute controllable SHAP impact

ACI(C) - controllable

Total
end for

C. lllustrative Example
TABLE III: Sample ACI Interpretation

|Employee HRisk ||C0ntrollable”T0tal ||ACI ‘
| E-102 |High ]j0.82 l1oo | o0.82]
| E-215 |High [0.34 100 || 034]
| E-307 |Medium|[0.65 l1oo || 0.65]
| E-412 [Low  [0.28 l1oo | 0.28]

X. RESULTS AND DISCUSSION

This section presents the experimental evaluation of
the proposed predictive analytics framework for
employee attrition prediction. The objective of the
analysis is to evaluate the performance of the
predictive models and to understand the key drivers
influencing employee turnover using explainable Al
techniques.
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A. Experimental Setup

The experiments were conducted using the IBM
HR Analytics Employee Attrition dataset consisting
of 1,470 employee records with multiple
demographic, behavioural, and organizational
attributes. Prior to model training, the dataset was
pre-processed by removing redundant features,
encoding categorical variables, and normalizing
numerical attributes.

Two  machine learning algorithms  were
implemented for predictive modelling: Logistic
Regression and Random Forest. The dataset was
divided into training and testing subsets using an
80:20 split. Stratified sampling was applied to ensure
balanced representation of attrition classes.

The performance of the models was evaluated
using standard classification metrics including
Accuracy, Precision, Re call, Fl-score, and ROC-
AUC score
TABLE 1V: Performance Comparison of Predictive
Models.

Model Accuracy Erecnslo f{ecal F1 Score
Logistic 08

Regressio 4' 0.80 0.75 0.77
n

Random 0.8

Forest 9 0.86 0.82 0.84

B. Model Performance Evaluation
Table IV presents the performance comparison
between the Logistic Regression and Random Forest
models.
C. SHAP Feature Importance Analysis

To interpret the predictions of the machine learning
models, SHAP (SHapley Additive Explanations)
was applied. SHAP values quantify the contribution
of each feature toward the model’s prediction.

Table V presents the global SHAP importance
scores of the most influential features affecting
employee attrition.

TABLE V: Top Features Identified by SHAP Analysis
|Feature HSHAP Importance Score|
|Overtime H 0.42 |
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|Feature HSHAP Importance Score|
|Job Satisfaction H 0.37 |
|Monthly Income H 0.31 |
|Years Since Last PromotionH 0.28 |
|W0rk—Life Balance H 0.24 |
|Distance From Home H 0.19 |

The results indicate that overtime workload and job
satisfaction are the most influential predictors of
employee attrition. Employees experiencing high
overtime and low satisfaction levels exhibit a
significantly higher probability of leaving the
organization.

The results indicate that the Random Forest model
out performs Logistic Regression across all
evaluation metrics. This improvement can be
attributed to the ability of ensemble learning
methods to capture nonlinear relationships among
employee attributes.

The Random Forest model demonstrated higher
predictive capability in identifying employees at risk
of leaving the organization while minimizing false
predictions.

D. Feature Importance Analysis

To understand the factors influencing employee
attrition, feature importance analysis was performed
using SHAP (SHapley Additive Explanations).
SHAP values quantify the contribution of each
feature toward the prediction outcome.

The global SHAP analysis identified several key
predictors of employee attrition, including:

* Overtime frequency

« Job satisfaction level

* Monthly income

* Years since last promotion

» Work-life balance

* Distance from home

Among these factors, overtime and job satisfaction
were found to have the strongest influence on

employee attrition. Employees experiencing
excessive overtime combined with low job
satisfaction showed a significantly  higher

probability of leaving the organization.
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E. Attrition Controllability Analysis

The proposed Attrition Controllability Index (ACI)
was computed using SHAP values to distinguish
between controllable organizational factors and
uncontrollable demographic attributes.

The analysis revealed that a significant portion of
attrition risk 1is associated with controllable
organizational variables such as compensation
growth, workload management, and career
progression opportunities. This finding highlights
the potential for organizations to reduce attrition
through targeted HR interventions.

F. Discussion
The experimental findings demonstrate that
integrating ma chine learning with explainable Al
techniques provides valuable insights into employee
attrition patterns. While predictive models can
accurately identify high-risk employees,
explainability  techniques help organizations
understand the underlying reasons behind employee
departure.

The results also emphasize the importance of
organizational factors such as job satisfaction,
promotion opportunities, and work-life balance in
influencing employee retention. By focusing on
these controllable factors, organizations can develop
effective  strategies to improve employee
engagement and reduce turnover rates.

Furthermore, the fairness evaluation component of
the framework ensures that the predictive models do
not introduce unintended demographic bias. This
aspect is particularly important for responsible Al

deployment in human resource management systems.

Overall, the proposed framework demonstrates
strong potential for supporting data-driven HR
decision-making while maintaining transparency,
fairness, and interpretability.

XI. CONCLUSION

Employee attrition remains a significant challenge
for mod ern organizations as it directly affects
productivity, organizational stability, and financial
performance. The ability to predict employee
turnover in advance enables organizations to design
proactive retention strategies and minimize the
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negative consequences associated with workforce
instability.

This study proposed a predictive analytics
framework for employee attrition that integrates
machine learning models, explainable artificial
intelligence techniques, fairness evaluation, and
actionable decision insights. The framework was
evaluated using the IBM HR Analytics dataset
containing multiple demographic, behavioural, and
organizational attributes.

Two machine learning algorithms, Logistic
Regression and Random Forest, were implemented
for predicting employee attrition. The experimental
results demonstrated that the Random Forest model
achieved superior predictive performance compared
to Logistic Regression, highlighting the effective
ness of ensemble learning methods in handling
complex HR datasets.

In addition to predictive modelling, the study
employed SHAP-based explainability techniques to
analyse the contribution of individual features to
attrition predictions. The explainability analysis
revealed that overtime, job satisfaction, monthly
income, and promotion history are among the most
influential factors affecting employee turnover.
Furthermore, the introduction of the Attrition
Controllability Index enabled the identification of
controllable organizational factors contributing to
attrition risk. This approach provides HR managers
with actionable insights that can support the
development of targeted employee retention
strategies.

The proposed framework not only improves
predictive ac curacy but also enhances model
transparency and fairness. By combining machine
learning  with  explainable Al  techniques,
organizations can build trustworthy HR analytics
systems that support responsible and informed
decision-making.

Overall, this research demonstrates the potential of
explain able predictive analytics in transforming
traditional HR management practices into data-
driven and proactive workforce management
strategies.

XII. FUTURE WORK
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Although the proposed predictive analytics
framework demonstrates promising results in
employee attrition pre diction, several opportunities
exist for further research and improvement.

First, future studies may incorporate temporal
modelling techniques such as survival analysis or
time-to-event modelling to predict not only whether
an employee will leave but also when attrition is
likely to occur. Such time-aware prediction models
can provide early warning signals for HR managers.

Second, advanced deep learning techniques such as
Artificial Neural Networks, Recurrent Neural
Networks, and Graph Neural Networks could be
explored to capture more complex relationships
within employee data. These models may further
enhance prediction accuracy in large-scale
workforce datasets.

Third, the fairness evaluation component of the
framework can be extended by incorporating
advanced fairness metrics such as demographic
parity, equal opportunity, and counter factual
fairness to ensure unbiased predictions across
multiple demographic groups.

Fourth, integrating causal inference techniques
could help identify true causal factors influencing
employee attrition rather than relying solely on
correlation-based analysis. This would enable
organizations to design more effective intervention
strategies.

Finally, future work may focus on developing real-
time decision-support systems and interactive
dashboards that visualize employee attrition risk and
explainability insights. Such systems could provide
HR managers with intuitive tools for monitoring
workforce trends and implementing data-driven
retention policies.

By extending the current framework with these
advanced techniques, future research can further
improve the effective ness, transparency, and

practical applicability of employee attrition
prediction systems.
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