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ABSTRACT

Organizational reputation management has become an essential component influencing employee retention,
workforce sustainability, and institutional progress in modern organizations. Poor workplace conditions,
employee dissatisfaction, and higher attrition rates greatly affect employer branding and organizational
reputation in digital and professional settings. Most organizations maintain structured employee
advancement strategies, although continual employee attrition can result in considerable losses. Employee
growth initiatives involve significant time and financial investment. When there is dissatisfaction within the
organization as a result of employee attrition, it influences overall progression and interaction. To address the
challenges, this paper introduces an Explainable Hybrid Deep Learning Framework for Organizational
Reputation Assessment (XHDL-ORA) using HR analytics and workforce behavior intelligence. The proposed
framework utilizes the HR Analytics Case Study dataset containing employee-related behavioral,
petformance, and workplace attributes suitable for organizational reputation assessment and attrition
intelligence modeling. A correlation-based feature selection with Mutual Information analysis is used to
identify the most informative and non-redundant workforce attributes influencing employee attrition behavior
and institutional reputation. For attrition classification, a Hybrid Transformer-Bidirectional Capsule
Network with Attention Mechanism is developed to efficiently learn complex workforce relationships,
contextual feature dependencies, and hierarchical employee behavioral representations from heterogeneous HR
analytics data. In addition, the Adam optimizer is integrated to improve convergence efficiency during the
training process. Furthermore, SHAP-based Explainable Artificial Intelligence analysis is incorporated to
improve model transparency by identifying the contribution and influence of workforce features toward
employee attrition classification. Experimental analysis demonstrates that the proposed XHDL-ORA
approach significantly improves classification performance in terms of accuracy, precision, recall, F1-score,
and interpretability compared to existing methods. The developed XHDL-ORA model contributes toward
intelligent organizational reputation assessment by enabling proactive workforce analytics, employee
retention intelligence, and Al-driven institutional decision support systems.
KEYWORDS: HR Analytics, Employee Attrition Classification, Organizational Reputation Assessment,
Hybrid Deep Learning, Capsule Network, Explainable Artificial Intelligence.
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1. INTRODUCTION

Recently, Human Resource Management (HRM)
has gained greater attention because of its essential
contribution in promoting organizational growth
and strengthening competitive advantages (Priya et
al., 2026). It is broadly recognized that employees are
the most valuable asset of every organization, and
the overall achievement of the organization is closely
associated with the skills, knowledge, and
experiences of the employees. Employee attrition
turned out to be a key focus area of human resources
(HR) specialists, because it acts as a significant
measure of  organizational = competitiveness
(Benabou, A. and Touhami, F., 2026). Employee
Attrition is the process in which employees exit the
organization, thereby creating the need to hire new
staff. Various catalysts for staff turnover namely job
dissatisfaction, insufficient pay, poor working
conditions, personal reasons, and others (Cui et al,,
2026). Attrition can be labelled into two different
kinds: voluntary and involuntary. Voluntary
attrition happens when the best-performing staff
members choose to leave the organization, even
though the organization tries to retain them (lorio
and Morris, 2026). Conversely, Involuntary attrition
refers to a situation where the employee is
terminated from the position due to their poor
performance or restructuring processes. To estimate
the attrition rate, the number of existing employees is
split by the average number of present employees
during a specific period, which enables company
managers to evaluate the company's overall
efficiency (Bellora-Bienengrdber et al., 2026). The
potential to forecast when and why employees may
exit an organization can greatly support human
resource departments (HRDs) to take favorable
policies to keep their valuable staffs by using
effective retention strategies. The problem of
predicting employee attrition has gained increasing
attention, especially due to the financial burden and
organizational disruption it can cause (Chakrabarti
and Chatterjea, 2026).

Over the previous decades, Machine Learning
(ML) has become an effective instrument for
predicting employee attrition, providing valuable
insight for organizations to implement data-based
decisions to reduce attrition problems (Maji and
Rajeev, 2026). ML, a subdivision of Artificial
Intelligence (Al), has become a significant technology
in overcoming real-world problems across various
areas (Srivastava and Patnaik, 2025). At present, ML
techniques are extensively implemented in human
resource management for examining employee-
related data and assisting organizational decision-

making. Losing team members is a massive headache
for businesses. High turnover not only spikes the
costs of hiring and training but also grinds daily
operations to a halt (Talebi et al., 2025). Thus,
businesses are prioritizing staff retention and
improving employee morale (Abdelkarim et al.,
2025). ML and deep learning (DL) based prediction
approaches can help business recognize employees
who are more likely to leave by examining aspects
such as job satisfaction, salary, work environment,
career growth, and employee performance (Ali et al.,
2025). These predictive models help HR anticipate
needs and develop retention plans, such as
engagement activities, performance assistance, and
career development (Sagar et al., 2025).

Although multiple ML and DL methods have
been developed for employee attrition prediction,
many existing techniques mainly focus on prediction
performance and fail to efficiently capture complex
workforce behavioral relationships and contextual
dependencies from HR analytics data. Besides, many
DL models operate as black boxes. This lack of
transparency complicates strategic choices and
workforce planning for HR leaders. This highlights
the need for an efficient, interpretable hybrid DL
system that accurately tracks employee retention,
illuminates  organizational = reputation,  and
empowers workforce decision-making. Motivated by
this, this study develops an Explainable Hybrid Deep
Learning Framework for Organizational Reputation
Assessment (XHDL-ORA) using HR analytics and
workforce behavior intelligence. The major
contributions of this manuscript are as follows:

*  Employ a Correlation-based feature selection
(CFS) with Mutual Information (MI) analysis to
identify significant workforce attributes associated
with employee attrition behavior.

*  Develop a hybrid Transformer-Bidirectional
Capsule Network with Attention Mechanism
(TransBiCaps-AM) to capture complex workforce

relationships and contextual behavioral
dependencies from HR analytics data.
* Integrate a SHAP-based explainability

model for improving model transparency and
supporting reliable organizational decision-making.

*  Conduct extensive experimental analysis
and demonstrate the efficiency of the proposed
model compared with conventional systems.

2. LITERATURE REVIEW

In this section, a brief review of employee attrition
and HR analytics methods is presented along with
the identified research gaps. (Tilokchandani et al.,
2026) investigated the purpose of Al in healthcare
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brand management. This study offers a data-based
view on how healthcare can apply Al methodologies
for navigating brand management complexity and
enhancing patient experiences, and guaranteeing
constant brand loyalty in a highly competitive
industry. (Mortezapour et al., 2025) designed a DL
approach on the basis of Bidirectional Temporal
Convolutional Network (Bi-TCN) to foresee
employee attrition. This research demonstrates
general experiments on two publicly available
datasets and comparing the methods' outcome
against traditional ML, DL approaches, and
advanced technique wunder distinct evaluation
metrics. (Ma et al., 2025) developed an ML system to
predict employee attrition. The presented
architecture improves model interpretability, though
preserving predictive influence, allowing HR
practitioners to apply targeted retention systems.
(Vijayan, 2025) presented a new data-driven
technique to alleviate employee attrition utilizing
data engineering and ML algorithms. The work
highlights the significance of model interpretation,
applying techniques, including SHAP values, to
deliver valuable insights for organizations.

(Shathya et al., 2026) discussed various ML
approach like KNearest Neighbor (KNN), Support
Vector Machine (SVM), and Random Forest for
generating an accurate prediction architecture for
employee attrition. For developing a data-driven

retention strategy, the research emphasizes the
significance of selecting a suitable predictive model
to increase employee engagement and minimize
turnover ratings. (Gazi et al., 2024) examined the
function of ML, encompassing, more remarkably,
Ada-boost classifier, Decision Tree, gradient-boosted
classifier, and Random Forest (RF) for predicting
employee turnover and its impacts for HR analytics
and talent retention methodology. (Qin et al., 2026)
introduced a novel tool for predicting employee
turnover through big data and ML. This model
combines XGBoost and LightGBM to improve
stability and accuracy. To enhance approach
interpretability, the SHAP strategy is employed to
recognize key factors impacting turnover, like
position, tenure, and salary. (Benabou et al., 2025)
addressed a more effective ML algorithm to forecast
employee attrition, thus supporting organizations
with a consistent tool to expect turnover and employ
proactive retention methodologies. To overcome the
limitations of employee attrition by utilizing ML
techniques to offer predictive insights that can
increase retention strategies. To overcome the
limitations of employee attrition by using ML
approaches to offer predictive insights that can
enhance retention algorithms. The summary of
existing related works on employee attrition
prediction and HR analytics approaches is presented
in Table 1.

Table 1: Existing Studies on employee attrition prediction and HR analytics approaches.

References Objective

Feature Engineering/ Selection Models Used

To study the role of Al'in

(Tilokchandani et al., 2026)
management and customer

communication strategies

enhancing healthcare reputation

Al-driven customer and
communication analysis

Al-based reputation
management framework

To design a DL model for
forecasting employee turnover
utilizing workforce behavioral

and organizational data

(Mortezapour et al., 2025)

Workforce behavioral feature

: Bi-TCN deep learning model
analysis

To enhance employee retention
(Ma et al., 2025) important HR-related features
and reducing data
dimensionality

prediction by choosing the most

Wrapper, filter, and embedded

. ML framework
feature selection

(Vijayan et al. employee attrition and

supporting retention strategies

To design a data-driven machine
learning framework for reducing

Data engineering and SHAP

i ML models
analysis

for precise employee attrition
prediction and workforce
retention analysis

(Shathya et al., 2026)

To examine different ML models

SMOTE and categorical encoding

KNN, SVM, and Random Forest

To foresee employee attrition

and support HR analytics for

refining talent retention and
workforce management

(Gazi et al., 2024)

AdaBoost, Decision Tree,
Gradient Boosting, Random
Forest

HR-related employee attribute
analysis
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To enhance employee turnover
prediction accuracy and .
(Qin et al., 2026) recognize important workforce SHAP-based feature importance XGBoost and LightGBM

factors influencing attrition
behavior

analysis

(Benabou et al., 2025) models for employee turnover

retention planning

To develop ML-based predictive

analysis and proactive employee

Workforce predictive attribute
analysis

Logistic Regression and ML
classifiers

2.1. Research Gap Analysis

Although several studies have been carried out
for employee attrition prediction using ML and DL
techniques, some limitations are still found in the
existing works. (Mortezapour Shiri et al., 2025)
proposed a Bi-TCN-based DL approach for employee
attrition prediction. Still, the study mainly
concentrated on prediction accuracy and did not
consider organizational-level workforce behavior
analysis. (Ma et al., 2025) presented an ML-based
feature selection technique for employee retention
prediction; however, the work did not comprise
hybrid DL methods and explainability analysis for
better HR decision support. (Vijayan, 2025)
developed a data-driven framework with SHAP
analysis for employee attrition prediction, but the
approach mainly relied on traditional ML techniques
without capturing deeper workforce relationships.
Similarly, (Qin et al. 2026) applied XGBoost and
LightGBM models with SHAP interpretability for
turnover prediction, yet the model did not use
advanced transformer and capsule network-based
learning for employee behavior analysis. Thus, there
is a need for an explainable hybrid DL system that
can efficiently examine workforce behavior patterns
and enhance employee attrition classification for
better organizational decision-making, and the

proposed XHDL-ORA model addresses this need.
3. PROPOSED METHODOLOGY

This section presents the overall workflow of the
proposed model, including model architecture,
dataset description, classification, optimization, and
explainability components.

3.1. Overall Framework Architecture

Fig. 1 shows the overall workflow of the proposed
XHDL-ORA model. Primarily, the HR analytics
dataset is preprocessed using missing value
handling, outlier detection, encoding, normalization,
and class balancing techniques to make the dataset fit
for analysis. Then, correlation-based feature selection
with Mutual Information analysis is applied to select
important employee-related features. The selected
features are passed to the proposed Hybrid
Transformer-Bidirectional Capsule Network with
Attention Mechanism (TransBiCaps-AM) for
employee attrition classification. The Adam
optimizer is used during training to improve model
performance. Finally, SHAP-based explainability is
integrated to identify the important factors that
influences employee attrition and support better
organizational decision-making.
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Figure 1.
4. DATA PREPROCESSING

This section explains the preprocessing steps
applied to improve data quality and model learning
performance.

Missing Value Handling wusing Median
Imputation: Median imputation is applied to handle
the missing values in the HR analytics employee
attrition dataset (Joel et al., 2022). In this process,
missing values are replaced through the median
value of every feature. This method is less affected by
extreme values and helps enhance data stability
during analysis.

X_hk="Median"
(1)

Here, X_hk indicates the imputed value, and X_k
represents all non-missing values in the k”th feature.

Outlier Detection using IQR: The Interquartile
Range (IQR) approach is employed for outlier
detection to recognize data points that differ notably
from most of the observations in the dataset
(Mamuriyah, 2025). The IQR indicates the range of
the middle 50% of the data and is computed as:

IQR=Q 3-Q_1 2

Where the 1st and 3rd quartiles are denoted as
Q_land Q_3, respectively, data points located far
from the normal distribution range are treated as
outliers. They can be managed to enhance the data
quality and model performance.

(X_k )

Enhancing Feature
Space

"

g

y Global Local

Explainable Al Interpretability Interpretubility
(XAD

Overall workflow of the proposed XHDL-ORA model.

One-hot Encoding: The one-hot encoding is
employed to transform categorical data into a
numerical representation suitable for a DL approach
(Yang et al., 2025). In this process, every category is
denoted as a binary vector including values of 0 and
1. This process supports enhancing the model
performance and preventing problems associated
with direct label assignment to categorical features.
The logistic regression function after applying
encoding can be represented as:

h(x)=1/(1+e"(-w~T
3)

Here, the input vector can be indicated as x, and
the weight vector can be represented as w.

Min-max normalization: All the features are
standardized through the min-max method,
converting feature values to the interval of [0, 1]. The
mathematical expression for the normalization is
defined as (Hu et al., 2024):

Xnorm = (X - X_min)/(X_max
(4)

Here X_min represents the minimum feature
value, X_max indicates maximum feature value, and
X signifies original feature values.

Data Balancing: The SMOTE-driven adaptive
class balancing technique mainly relies on its
synthetic sample generation process (Husain et al,,
2025). This process reflects the ability of the

X) )

- X_min )
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algorithm to overcome class disproportion through
generating fresh synthetic samples of the minority
employee attrition category. For every minority
employee instance, N synthetic samples are
produced, where N depends on the specified
oversampling rate. The step for producing every
synthetic employee sample is defined as follows:

X_new=x_i+A\(x_j-x_i) ®)

Here x_i denotes the selected minority employee
sample, x_j represents one of the nearest neighboring
minority samples, and A indicates the random
number in the interval of [0@),1]. Random
neighboring employee instances are chosen from the
minority attrition category to produce the new
synthetic workforce samples.

The SMOTE-driven balancing approach
enhances the distribution of employee attrition
categories and improves the learning efficiency of the
proposed TransBiCaps-AM model in workforce
behavior classification and organizational reputation
forecasting.

Feature Selection

This section presents the feature selection method
employed for choosing the most relevant workforce
attributes related to employee attrition.

Correlation-Based Feature Selection

The aim of feature selection (FS) is to choose the
most  significant attributes while reducing
computational time and enhancing predictive
outcomes (Alomari et al, 2023). In this paper, a
correlation-driven FS method is proposed to decrease
data redundancy, minimize the size of employee
behavioral features, and choose the most relevant
workforce features related to employee turnover and
organizational reputation analysis. For the HR
analytics data, the correlations among each
employee's features and the target class are
computed employing Eq. (6).

Corr_(u,v)=(u_i-u 0 Y(v_i-v )/ (ui-
u [)A2Y (v_i-v [1)"2) (6)

Here, Corr_(u,v) implies the correlation between
u_i and v, representing the employee feature and the
target variable. u [ and v [ imply the mean values
of u and v, respectively.

The correlation-driven FS method classifies major
employee factors impacting turnover and eliminates
unnecessary information, facilitating the
TransBiCaps-AM method to become quicker,
steadier, and more precise.

4.1. Mutual Information Analysis

Mutual information (MI) is an assessment of the
interdependency among dual features and mostly
signifies the dependency among workforce factors

and the target attrition class (Huang et al., 2024). In
employee turnover analysis, MI helps in classifying
features that contribute considerably to employee
retention classification and organizational behavioral
analysis.

Assume the joint probability function of dual
random features U and V is p(uv), and their
marginal probability functions are p(u)and p(v).
Subsequently, the MI(U, V) is expressed as below:
(uv)  log((f_(uv)

)

As mentioned above, when features are entirely
independent, the MI value becomes zero. The higher
the MI among features, the more robust the
dependency among employee features and the target
class. Thus, workforce attributes with greater MI
values are chosen to enhance the prediction ability of
the proposed structure, while attributes with lesser
MI values are removed to minimize feature
redundancy.

In the effective application, the probability
density approximation process is utilized to estimate
the probability function and simplify the MI
calculation as follows:

MI(U,V)=-1/N ¥ (i=D)"N. [log] ((f " (uv)
(u_iv_)/ (Flu_i)f(v_i))) (8)
In this Eq. (8), f (u_i)and f (v_i) imply the
probability density approximations of features U and

V, correspondingly, £~ (u,v) (u_i, [ v) _i) represents
the joint distribution, and N denotes the count of
employee reports in the data. Based on the above
equation, MI requires approximating probability
functions, so a kernel density estimate is applied for
approximating the marginal and joint functions
without accepting any features. Integrating
correlation-driven FS with MI support to choose
significant employee attributes while eliminating
redundant ones, enhancing the TransBiCaps-AM
method for better attrition classification and HR
analytics data.

4.2. Proposed Classification Model

This section discusses the proposed Hybrid
Transformer-Bidirectional Capsule Network with
Attention Mechanism (TransBiCaps-AM) for
employee attrition categorization. The transformer
structure utilized in this research is based on the
standard encoding architecture with various
fluctuations optimized for organizational reputation
analysis and employee attraction classification (Haq
et al, 2023). The proposed HR analytics model
comprises an input layer, transformer encoder with
attention mechanism, bidirectional feature learning
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layer, capsule network layer, and final classification
layer for employee attrition classification.

The encoding processes the input attributes across
several layers of self-attention (SA) and feed-forward
networks. The calculation of AM is represented as
follows:

Q=XW_Q,
9)

In this equation, X denotes the group of input
employee attributes, and W_Q, W_K, and W_V
imply trainable weight matrices. The SA outcome is
evaluated as:

Attention(Q,K,V)=softmax((QK"T)/N(d_k )V
(10)

Here, d_k signifies the key vector dimension. The
multi-head attention mechanism (MHA) uses
numerous attention heads functioning similarly:

MultiHead (X)=Concat(head_1,...,head_h ) W_O
(11)

where every head is calculated as:

head_i=Attention(QW_Q", KW_K",VW_V/i )
(12)

The MHA allows the method to mutually attend
to data from diverse feature representation
subspaces at various locations. Every attention head
acquires several features of employee behavior
patterns, where certain heads concentrate on
employee performance and satisfaction, whereas
others focus on retention-associated dependency.
This module processes Q, K, and V, which implies the
queries, keys, and values vectors across parallel
attention heads before integrating their outcomes.

A different standard transformer structure that

K=XW_K, V=XW_V

processes each attribute uniformly across SA, the
proposed hybrid method first makes employee-
specific contextual representations throughout
transformer AMs and therefore collects these
representations over a bidirectional capsule learning
model. It allows the method to take both global
organizational interactions and local workforce
behavioral patterns, which is a significant distinction
from conventional transformers that normally use a
unique level of attention through each attribute.

For capturing the contextual dependency
particular to employee turnover patterns, the method
integrates a feature embedded module. The
employee feature embedding E_fis represented as:

E_f=Embedding(X)+P_f (13)

Let Embedding(X) imply the embedded employee
feature, and P_f represent the positional feature
encoded. The transformer outcome for all employee
features is expressed as:

H_i=MultiHead (X_i+P_f )
(14)

The CapsNet is used for capturing the hierarchical
relations between employee features. The
fundamental concept of CapsNet is to encode the
relations among multiple workforce behavior
features, including salary level, employee
satisfaction, work-life balance, and performance
rating. A different traditional neural network (NN)
that considers features self-sufficiently, the CapsNet
learns the relations between employee features and
maintains significant structural dependency in
classification.
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Figure 2. Framework proposed classification model.

Mostly, a CapsNet is a kind of NN that achieves
hierarchical feature learning. In employee turnover
prediction, workforce features are separated into
numerous feature groups, and hierarchical relations
are expanded between these feature representations.
The application of CapsNet in this research is
separated into 3 main regions: input, capsule feature,
and outcome classifier layers. The first capsule layer
outcome is represented by:

V_(@i,j,k)=Squash(}_(1=1)"(L"
u_(ij1)) (15)

Now, V_(ij k) denotes the outcome vector of the
k*th capsule representation, u_(ijl) implies the
vector of input features, and Squash signifies the
non-linear activation.

_(1jk))

(16)

In this Eq., S_j denotes the outcomes of the high-
level capsule, u"_(jli) implies the forecasted feature
representation, and c_ij signifies the coupled
coefficient among minimal and maximal-level
capsules.

The AM is combined with the CapsNet to allocate
adaptive significance weights to workforce
attributes. This module enhances the capability of the
method to classify crucial employee retention and
organizational behavioral patterns related to
turnover prediction.

The resulting classifier output is created through
a fully connected (FC) layer with an activation
function of sigmoid:

y=Sigmoid(W_h H+b) 17)

Let y " imply the forecasted employee turnover
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categorizes, W_h denotes trainable weights, and H
signifies the fused feature representation attained
from the capsule and transformer layers.

The proposed TransBiCaps-AM systems allow the
method to simultaneously take employee-specific
behavioral patterns and intricate organizational
feature relations, offering an efficient method for
intelligent employee turnover prediction and
organizational reputation analysis utilizing HR
analytics features. Fig. 2 showcases the proposed
XHDL-ORA model for employee attrition
classification using a Transformer and a Bidirectional
Capsule Network with an Attention Mechanism.

4.3. Model Optimization

This section describes the optimization technique
utilized for improving the training efficiency and
convergence performance of the proposed approach.
The Adam optimization algorithm is applied to
adjust the model parameters, a commonly accepted
optimization technique in deep learning due to its
efficiency in handling adaptive learning rates and
momentum capabilities (Ishtiaq et al., 2025). The
update rule for parameters Oat iteration t is expressed
as:

m_t=p_1 m_(t-1)+(1-p_1 ) vV 6 Lt
(18)

vt=p2 v _(t1)+(1-p2(V.O Lt )2
(19)

m “t=m_t/(1-f_1"t )
(20)

A " t=v_t/(1-B_2"t )
(21)

0_t=0_(t-1)-n m  t/(v Ot )+€)

(22)

Where 11 denotes the learning rate, _1, p_2, and
€ signify numerical stability parameters. The Adam
optimization technique enhances the convergence
efficiency of the proposed TransBiCaps-AM model
through dynamically modifying the learning rates in
the training process. This optimization strategy also
improves the predictive scalability and classification
accuracy of the proposed system for employee
attrition analysis, forecasting, and organizational
reputation evaluation based on HR analytics
information.

4.4. SHAP-based Interpretability

This  section defines the SHAP-based
explainability analysis leveraged to interpret the
contribution of workforce features toward prediction
results. DL models are considered black boxes owing
to their difficulty and complexity in understanding
how specific characteristics impact predictions

(Abdullah and Mustafa, 2025). Therefore, their
interpretability makes it complex to learn whether
the feature has a negative or positive impact on the
model outcome. Shapley Additive exPlanations
(SHAP) is one of the better techniques for improving
the interpretability of ML and DL systems in HR
analytics and offers an explicit approach for
estimating feature contributions. SHAP values
evaluate the effect of all features on the prediction
compared with other attributes and thereby enable
the feature significance ranking in the employee
turnover prediction method. It is computed utilizing
built-in functions to offer an equivalent and objective
assessment of workforce-relevant features in the HR
databases. The SHAP value computation is
represented as Eq. (23).

XN )=IL0+Y_(=1)
(23)

Here, f implies the interpretation method, X'
signifies the input vector of employee features, K
denotes the higher dimensionality of features, and ]
indicates the feature attributions.

Experimental Results and Discussions

This section offers the experimental
evaluation of the proposed approach using HR
Analytics dataset, available at
https:/ /www .kaggle.com/ datasets/bhanupratapbi
swas/hr-analytics-case-study/data. HR analytics
otherwise known as people analytics, is an evidence-
based approach for handling human resources. It
comprises data related to employees, namely
recruitment, performance, engagement, and
retention to uncover details and make informed
decisions. This case study analyzes the application of
HR analytics in a hypothetical organization and
demonstrates its benefits in optimizing workforce
management.

Organization Description: Consider
“TechSolutions Inc” a growing, mid-scale tech
company. This company focusses on software
development and has a varyng crews across various
units, including marketing, engineering, sales, and
customer support. Number of features in the dataset
is 35, out of which 24 features were chosen after the
feature selection process. Table 2 shows that the
dataset contains two classes, “Attrition Yes” and
“ Attrition No.” Before augmentation, the dataset had
1470 samples, which increased to 2230 samples after
augmentation.

Table 2. Dataset details.

XN

Classes Before Augmentation|After Augmentation
Attrition Yes 237 997
Attrition No 1233 1233

Number of Samples 1470 2230
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Fig. 3 displays the distribution of employee age,
monthly income, and years at company. Age is
typically focused between 25 to 45 years, with a near-
normal distribution pattern. Monthly income is right-
skewed, signifying most employees earn in the lower
to mid salary range. Years at company is also highly
skewed, showing most employees have fewer years
of experience in the organization.
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Fig. 4 shows the relationship among age and job
satisfaction. The plot indicates that job satisfaction is
fairly spread across all age groups with no strong
linear relationship. The trend line is almost flat,
suggesting age has little impact on job satisfaction
levels.

Fig. 5 shows the confusion matrix for the XHDL-
ORA framework, indicating that the model performs
better in classifying attrition of employees. The
model correctly classified 173 samples as attrition yes
and 245 instances as attrition no. Therefore, the
XHDL-ORA model proves higher accuracy and
reliability in identifying employee attrition.

Confusion Matrix

3
= 200
2
£
= < 150
3
°
< 2 100
5 245
-E 54.93% %0
<
Attrition Yes Attrition No
Predicted
Figure 5. Confusion matrix of the XHDL-ORA
method

Table 3 present the attrition classifier outcome of
the XHDL-ORA method with 80:20 of train-test split.
The outcome implied that the XHDL-ORA approach
accurately classified the samples. The XHDL-ORA

system obtained average acc [ur)] _y of 93.11% in

TRAIP and 93.72% in TESTP, while the [F1) _score

of 93.05% for TRAIP and 93.55% for TESTP, showing
strong efficiency and consistent performance in
predicting both attritions yes and no cases.

Table 3. Attrition classifier result of the XHDL-

ORA approach with 80:20.

Metrics TRAIP (80%) TESTP (20%)
Accuracy 93.11 93.72
Precision 93.07 93.28
Recall 93.03 93.93
F1-Score 93.05 93.55
AUC Score 93.03 93.93
MCC 86.10 87.21

Table 4 present the attrition classifier outcome of
the XHDL-ORA method with 70:30 of train-test split.
The outcome implied that the XHDL-ORA approach
accurately classified the samples. The XHDL-ORA

system obtained average acc [(ur] _y of 91.29% in

TRAIP and 91.78% in TESTP, while the [F1) _score

of 91.18% for TRAIP and 91.46% for TESTP, showing
strong efficiency and consistent performance in
predicting both attritions yes and no cases.

Table 4.Attrition classifier result of the XHDL-
ORA approach with 70:30.

Metrics TRAIP (70%) TESTP (30%)
Accuracy 91.29 91.78
Precision 91.65 91.64

Recall 90.97 91.29
F1-Score 91.18 91.46
AUC Score 90.97 91.29
MCC 82.62 82.93

Table 5 and Fig. 6 show the comparison study of
the XHDL-ORA approach with other methodologies
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using metrics and Time Complexity (TC) (Al-Ali et
al., 2026; Govindarajan et al.,, 2025, Arqawi et al.,
2022). The proposed XHDL-ORA method attains the

overall better performance with acc [ur)] _y of

93.72%, preci_n of 93.28%, recal_l of 93.93%, [F1)
_score of 93.55%, and minimal TC value of 3.57sec,
while Hybrid NNR + SVM, SVM, Label Propagation,
and Ada Boost approaches achieve lesser outcomes
with acc [(ur)] _y of 91.44%, 88.60%, 88.33%, and
87.03%. At the same time, the MLP Method, Gradient
Boosting, and KNN display competitive
performance, they are still inferior to the proposed
XHDL-ORA method in overall effectiveness.

Table 5. Comparative result of the XHDL-ORA
method with existing approaches.

Time
Approach Accury|Preci,|Recalj|F1,,,.| Complexit
y (sec)
Gradient Boosting | 86.05 | 82.82 | 85.24 | 83.50 5.81
Hybrid NNR +
SVM 91.44 | 90.41 | 89.41 | 88.12 6.93
KNN 77.89 | 76.54 | 78.85 | 71.33 8.98
SVM 88.60 | 88.65 | 90.24 | 86.54 4.70

Label Propagation | 88.33 | 81.89 | 99.05 | 89.66 7.82
MLP Method 86.71 | 85.63 | 88.89 | 87.23 6.10
Ada Boost 87.03 | 86.15 | 88.89 | 87.50 5.03
XHDL-ORA 93.72 | 93.28 | 93.93 | 93.55 3.57
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An ablation study calculates a model by removing
or modifying components to understand their impact
on overall performance. Table 6 exhibit the ablation
study of the XHDL-ORA approach. The outcome
shown that the Without features selection,
Correlation only, Mutual Information only,
Transformer only, Bidirectional Capsule Network
only, Transformer + BiCaps (without attention), and

Transformer + BiCaps + Attention (without Adam
optimizer ) approaches have reached minimal
performance, whereas the XHDL-ORA (Correlation
+ MI + Transformer + BiCaps + Attention + Adam)
method has achieved maximal performance with acc

[ur] _y of 93.72%, preci_n of 93.28%, recal_l of

93.93%, [F1) _score of 93.55%. Thus, the XHDL-

ORA system demonstrated superior and reliable
performance through the effective integration of
hybrid feature selection and advanced deep learning
techniques.

Fig. 7 presents a SHAP analysis showing the most
influential features affecting the model’s predictions.
The left panel displays global feature importance,
where OverTime, StockOptionLevel and
EnvironmentSatisfaction have the highest impact on
employee attrition prediction. The right panel
illustrates how individual feature values influence
the model output, with red points signifying
maximum feature values and green points denoting
minimum values. Positive SHAP values represent a
maximum chance of employee attrition, while
negative values specify minimum attrition
possibility. Employees with overtime work and low
job satisfaction showed higher attrition tendency.

Table 6. Ablation study of the XHDL-ORA
method with various measures.

Approach AccyPre(Rec(F1,/
Without features selection 89.0189.0188.4/88.2
6 |0]|5]|3
. 89.7(89.3(90.2|89.7
Correlation only 712 10l1
. 90.3(89.9(90.7|90.2
Mutual Information only 0olsglel2
91.0(90.5{91.3{90.9
Transformer only slololo
Bidirectional Capsule Network only 92'8 918.1 9%)’1 9%)’5
Transformer + BiCaps (without attention) 927'4 915’7 91’6 926.1
Transformer + BiCaps + Attention (without |93.2|92.5|93.2(92.7
Adam optimizer 2|5 0] 6
XHDL-ORA (Correlation + MI + 93.7193.2(93.9|93.5
Transformer + BiCaps + Attention+ Adam) | 2 | 8 | 3 | 5
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Figure 7. SHAP value for the global and local
explanations.

The results showed that the proposed XHDL-
ORA approach performed better than existing ML
and DL techniques for employee attrition
classification. The model obtained 93.72% accuracy
and 93.55% Fl-score, exhibiting its ability to learn
workforce behavior patterns efficiently. The ablation
results also indicated that integrating Transformer,
Bidirectional Capsule Network, and Attention
Mechanism improved the overall -classification
performance. Furthermore, adaptive class balancing
and feature selection stabilized the model and
eliminated redundant employee metrics. The SHAP-
based interpretability analysis further improved
model transparency by recognizing the important
employee-related factors influencing attrition
behavior. Ultimately, the data demonstrates that the
implemented model successfully facilitates the
evaluation of workforce attrition and corporate
reputation.

5. CONCLUSION AND FUTURE WORK

This paper has introduced the XHDL-ORA
approach for customer attribution -classification
using the HR Analytics Case Study dataset. A CFS
with MI analysis was used to select the most
informative and non-redundant workforce attributes
influencing employee attrition behavior and
institutional reputation. For attrition classification, a
Hybrid TransBiCaps-AM was developed for
effectively learning complex workforce relationships,
contextual feature dependencies, and hierarchical
employee  behavioral  representations  from
heterogeneous HR analytics data. Besides, the Adam
optimizer was incorporated to enhance convergence
efficiency during the training process. Additionally,
SHAP-based XAl analysis was incorporated to
improve model transparency by identifying the
contribution and influence of workforce features
toward employee attrition classification.
Experimental analysis showed that the proposed
method  significantly = enhanced classification
performance compared to existing models.
Therefore, the proposed model is found to be
effective in intelligent organizational reputation
assessment by allowing proactive workforce
analytics, employee retention intelligence, and Al-
driven institutional decision support systems.
Although the presented XHDL-ORA model achieved
good performance, the study used only one public
HR dataset, which may impact its performance in
different organizational settings. In future work,
larger real-time HR datasets and additional
employee behavioral factors can be integrated to
further improve the prediction performance and
practical usability of the model.

Data Availability Statement: The data that support the findings of this study are openly available in Kaggle
repository at https:/ /www .kaggle.com/datasets/bhanupratapbiswas/hr-analytics-case-study/data.
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