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Abstract—Human Resources (HR) onboarding is a critical
step in integrating new employees into an organization. Effective
onboarding can improve employee satisfaction, reduce
turnover, and accelerate productivity. However, traditional
methods for onboarding and predicting employee success are
often limited to individual-level attributes, neglecting the
complex network of relationships and team dynamics that
influence an employee's experience. This study focuses on
predicting employee performance using machine learning and
deep learning techniques, with a particular emphasis on
effective feature selection and preprocessing. The Employee
Dataset, consisting of diverse demographic and organizational
attributes, was preprocessed through normalization, outlier
removal, and dimensionality reduction using PCA to ensure
improved data quality and reduced redundancy. Deep Neural
Network (DNN) model, was developed and evaluated. The
results demonstrate that the proposed DNN model achieved a
high accuracy of 96.25%, along with a precision of 98%, a recall
of 97%, and an F1-score of 97%. These findings highlight the
superior capability of the DNN in capturing complex patterns
within employee data, making it a highly effective approach for
enhancing prediction accuracy and supporting data-driven
decision-making in employee performance management.

Keywords—HR Analytics, Artificial Intelligence, Human
Resource Management, Predictive Analytics, Machine Learning,
Deep Learning.

I. INTRODUCTION

Human resources (HR) is the organization of a company
that is in charge of analysis, recruiting, monitoring, and
training job candidates, and managing employee benefit
programs. It refers to both the people who are working for a
enterprise or an organization and the division in charge of
dealing with all employee-related issues [1][2]. Employees
are among the most important resources in any organization
or company [3]. HR is critical in enabling businesses to
engage with a business in a socially responsible business
atmosphere and a higher improvement in the quality of
workers in the twenty-first decade [4][5].

The essential role of Performance Management within
Human Resource Management (HRM) is to evaluate, guide,
and improve employee contributions toward Organizational
goals through assessments [6]. Traditional performance
management systems encounter multiple difficulties when
staff members conduct appraisals due to subjective practices
that yield inconsistent results and biased judgments [7]. The
issues with performance management systems impact both
employee trust and commitment, and limit correct skill
development and Organizational decisions. Numerous
Organizations experience increasing pressure to create
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performance evaluation approaches that maintain fairness
and improve both efficiency and scalability [8].

The growing issues have necessitated the use of Artificial
Intelligence (Al) and Machine Learning (ML) in
Performance Management, which has greatly impacted the
HR technological landscape [9]. The rapid advancements in
artificial intelligence (Al) and machine learning (ML) have
significantly transformed various business functions,
including human resource management (HRM) [10][11][12].
Traditional HR analytics primarily focused on data-driven
insights to improve decision-making. However, with the
integration of Al-driven tools, HRM has evolved into a more
proactive, efficient, and strategic function that enhances
workforce productivity and engagement [13]. machine
learning algorithms that improve Human Resource
performance management through unbiased data-driven
decision-making [14]. ML models for human resource
management, along with deployment implementation
elements, while offering flexible implementation guidelines
for real-world applications [15].

A. Motivation and Contribution

The motivation behind this study lies in the growing need
for organizations to accurately evaluate and enhance
employee performance in order to remain competitive in
dynamic business environments. Traditional performance
assessment methods often rely on subjective judgments,
which can lead to inconsistencies and bias, whereas data-
driven approaches offer more objective, reliable, and scalable
solutions. By leveraging machine learning and deep learning
models, particularly the Deep Neural Network (DNN),
organizations can uncover hidden patterns in employee data,
predict performance outcomes more effectively, and make
informed decisions regarding workforce management. This
not only improves productivity and efficiency but also
supports fair and transparent evaluation processes that
contribute to overall organizational growth. This research
makes several key contributions to the field of Employee
Performance:

e Used an Employee Dataset containing diverse
demographic and organizational attributes of both
active and resigned employees.

e Implemented data cleaning, handling of missing
values, outlier removal, encoding, normalization, and
duplicate elimination to ensure high-quality data.

e Applied Principal Component Analysis (PCA) to
reduce dimensionality, remove redundancy, and retain
the most significant features for better model
performance.
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e Provided a reliable framework for organizations to
predict and analyze employee performance, supporting
data-driven  decision-making  for  workforce
optimization.

o Demonstrated that the DNN model achieved the
highest accuracy, outperforming baseline models.

e FEvaluated model accuracy using multiple metrics
(accuracy, precision, recall, ROC, F1-score) for
thorough performance assessment.

B. Justification and Novelty

The justification for this study stems from the limitations
of conventional employee performance evaluation methods,
which often fail to capture the complex and nonlinear
relationships among multiple employee attributes. Unlike
traditional approaches, the proposed framework integrates
advanced preprocessing techniques such as normalization,
outlier removal, and Principal Component Analysis (PCA)
for feature selection, ensuring cleaner and more
representative input data. The novelty of this work lies in the
application of a Deep Neural Network (DNN), which
significantly outperforms classical models by achieving
higher accuracy and robust predictive capability. By
combining feature selection with deep learning, this study
provides a unique and efficient methodology that enhances
prediction reliability, reduces redundancy, and delivers
actionable insights for improving workforce performance
management.

Il. LITERATURE REVIEW

Several significant research studies on enhancing
employee performance have been reviewed and analyzed to
provide a strong foundation and guidance for the
development of this work.

Goyal et al. (2025) Real-world data evaluation confirmed
that the Hybrid SSL + RL model delivers superior
performance to SVM, along with SSL-only and RL-only
models. Acceptance for the Hybrid model reached 92.7%,
while the SSL model achieved 84.3% accuracy, and the RL
model scored 90.2% accuracy. Within this study, the Hybrid
model showed the maximum precision levels (91.8%) and
recall (93.0%), thus indicating its ability to make precise
productive predictions. During 40 iterations, the RL agent
substantially enhanced its performance until it reached an
average reward rate of 0.95, indicating its enhanced ability to
improve productivity strategies over time. The Hybrid model
displayed adaptability across different tasks at 94.2%,
whereas the baseline stood at 85.0%, SSL at 90.5%, and RL
at 92.1% [16].

Tanmayi et al. (2025) aim of this research is to examine
how various factors affect employee attrition, to understand
why workers leave the company and predict future
departures. In the proposed work, machine learning,
ensemble models and deep learning are used to predict
employee attrition accurately so that it helps the company to
improve their strategies to satisfy their employees. A dataset
from Kaggle is used to train and evaluate these models. Many
models like CatBoost, AdaBoost, Random Forest, SVM,
DNN, Ensemble model of CatBoost and AdaBoost, and
Ensemble model of hard Voting Classifier are used. Random
forest gave the best results out of all the models tested with
an F-score of 93.1 percent and an accuracy of 93.5 percent
[17].
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Kosuri et al. (2025) proposes an Al-based sentiment
analysis model using the GRU-Attention mechanism to
enhance employee satisfaction. Data collected from Kaggle
includes employee feedback from various organizations,
which undergoes preprocessing using techniques such as
tokenization, stopword removal, and lemmatization. Text
features are extracted using the TF-IDF method, which
converts textual data into numeric form. The GRU-Attention
model leverages the strengths of gated recurrent units (GRUS)
and attention mechanisms to focus on key phrases in
employee feedback for sentiment classification into positive,
negative, or neutral categories. Results demonstrate that the
proposed model achieves higher accuracy (91.8%) compared
to baseline methods like Random Forest (82.1%) and GRU
without Attention (88.5%) [18].

Prakash et al. (2024) came up with an Al model that
incorporates machine learning algorithms with corporate
culture measures to estimate employees' motivation levels.
The model relies on the IBM HR Analytics dataset that
focuses on employee behavior and feedback data, for
performance records. Approaches used herein are Principal
Component Analysis for feature extraction and XGBoost and
Logistic Regression for modeling. The proposed model
obtained an accuracy of 90.5%, 89.2% precision, and an AUC
of 0.92, surpassing typical models. Also, the system analyzed
different employees and labeled them as high-risk employees
with an accuracy level of 87.5%. The findings also show how
Al can boost employee motivation by offering precise
information on their requirements [19].

Subha et al. (2024) proposes a novel cascaded
methodology combining Multi-Layer Perceptron (MLP) and
Support Vector Machine (SVM) models, enhanced by deep
gradient optimization techniques, to predict employee
attrition. The dataset, preprocessed through feature selection
and synthetic oversampling (SMOTE), included key
employee features such as monthly income, job satisfaction,
and overtime. The proposed methodology was tested against
other models, including Random Forest (RF) and Logistic
Regression (LR). The cascaded MLP+SVM model achieved
a training accuracy of 94.5% and a test accuracy of 92.1%,
outperforming standalone MLP (89.7%) and SVM (86.5%).
The model also showed minimal overfitting, with only a 2.4
% difference between training and test accuracy. Key
performance metrics, including an F1 score of 0.83 and an
AUC score of 0.91, confirmed the model's ability to classify
employees likely to leave accurately [20].

Priyana et al. (2024) involved detailed analysis of
employee profiles and application of SMOTE techniques to
harmonize data imbalance, along with fine tuning of
hyperparameters in the XGBoost model to improve model
performance. The results of the first experiment using the
XGBoost model showed that the model produced an accuracy
rate of 0.81, but after going through the hyperparameter
tuning process, the accuracy increased significantly to 0.85.
The results of this study provide a deeper understanding of
the factors that contribute to employee retention in different
types of companies. The implementation of SMOTE and
hyperparameter tuning in the XGBoost model proved its
effectiveness in improving prediction accuracy. This research
has the potential to provide strategic guidance for human
resource management in improving employee retention in the
future [21].
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Mascarenhas, Savant and Aswale (2023) presents a study
that leverages machine learning techniques to determine
employee performance using available data in organizations.
The objective is to detect the key causes of attrition and
minimize them through data analysis. The methodology
involves data acquisition, conditioning, visualization, and
classification using classification models like Random
Forest, Support Vector Machine, K-Nearest Neighbor,
Decision Tree, and Naive Bayes algorithms in Python. The
results are evaluated using an accuracy score and confusion
matrix, revealing that the Decision Tree XGBoost algorithm

achieved the highest accuracy at 82.7%. However, Naive
Bayes and Support Vector Machine models performed better
in classifying true positives. This research provides valuable
insights for organizations seeking to utilize data to understand
and address attrition issues [22].

Table | presents an overview of recent studies on
enhancing employee performance, highlighting the models
applied, datasets used, key outcomes, and the challenges
faced.

TABLE I. OVERVIEW OF RECENT STUDIES ON PREDICTIVE MODELING OF ENHANCING EMPLOYEE PERFORMANCE USING MACHINE LEARNING

Author Proposed Work Dataset Key Findings Challenges/Recommendation
Goyal et al. | Hybrid Self-Supervised Learning (SSL) | Real-world Hybrid model outperformed | Further testing on diverse work
(2025) + Reinforcement Learning (RL) model | workplace data SSL-only and RL-only, | environments to ensure

using typing & cursor movements with achieving  highest accuracy, | scalability.
software usage patterns. precision, recall, adaptability,
and reward rate.

Tanmayi et al. | ML, ensemble models, and deep | Kaggle Employee | Random Forest gave best results | Explore larger datasets and more
(2025) learning for predicting employee | Attrition Dataset with high accuracy and F-score; | hybrid models for improved
attrition. ensemble models also effective. generalization.

Kosuri et al. | GRU-Attention model for Al-based | Kaggle Employee | Achieved higher  accuracy | Focus on more diverse feedback
(2025) sentiment analysis of employee | Feedback Dataset (91.8%) compared to RF and | sources and multilingual
feedback. GRU; outperformed LSTM- | datasets.

Attention.

Prakash et al.
(2024)

Al model combining PCA, XGBoost,
and Logistic Regression for employee
motivation analysis.

IBM HR Analytics
Dataset

High accuracy and precision;
identified high-risk employees
effectively.

Apply model to larger, more
complex datasets for broader
validation.

Aswale (2023) | performance and attrition causes.

Subha et al. | Cascaded MLP + SVM model with deep | Preprocessed Outperformed standalone MLP | Extend study with real-time
(2024) gradient optimization for employee | dataset with | and SVM; achieved high | employee monitoring for

attrition prediction. SMOTE accuracy with minimal | proactive retention.

overfitting.

Priyana et al. | XGBoost with SMOTE and | Employee Dataset | Accuracy improved from 0.81to | Need for generalization across
(2024) hyperparameter tuning for employee | (SMOTE applied) | 0.85 after tuning; identified | different industries.

retention prediction. retention factors.
Mascarenhas, ML models (RF, SVM, KNN, DT, | Organizational Decision Tree XGBoost | Improve  balance  between
Savant & | Naive Bayes) to analyze employee | employee data achieved  highest  accuracy | precision and recall; validate

(82.7%); SVM & NB better at | across larger datasets.

true positives.

I1l. RESEARCH METHODOLOGY

The proposed methodology begins with the collection of
the Employee Dataset, comprising 858 records with 18
relevant features of both active and resigned employees. Data
preprocessing was carried out through multiple steps,
including handling missing values, removing duplicate
entries, eliminating outliers, encoding categorical variables,
and normalizing features using the StandardScaler () to
ensure uniformity in scale. To reduce dimensionality and
select the most significant attributes, Principal Component
Analysis (PCA) was applied, thereby improving
computational efficiency and minimizing redundancy. The
dataset was then split into training (70%) and testing (30%)
sets to ensure unbiased evaluation. Finally, a Deep Neural
Network (DNN) model was developed and trained on the
processed data, leveraging its capability to capture complex,
nonlinear relationships among features to accurately predict
employee performance and provide actionable insights for
organizational decision-making. The model’s performance
was evaluated using standard metrics such as accuracy,
precision, recall, and F1-score to ensure reliable prediction
and classification of Employee Performance, with the
complete process illustrated in Figure 1.
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Remove duplicate
records
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Remove Outliers ]

Data Encoding

Data Normalization
using Standardscaler ()
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and f1 score

T

Fig. 1. Proposed flowchart for Enhancing Employee Performance

A detailed explanation of each step in the proposed
flowchart for predictive modeling of enhancing employee
performance is provided below.
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A. Data Collection

This study utilized an Employee Dataset from INX Future
Inc. that contains a complete list of 1200 employees along
with their organizational and personal details. Although the
dataset is composed of 28 fields capturing various
demographic, job-related, and performance attributes, only
selected features were included for model development.

These features are EmpDepartment, EmpJobRole,
DistanceFromHome, EmpLastSalaryHikePercent,
EmpWorkL.ifeBalance, EmpHourlyRate,

ExperienceYearsAtThisCompany, Age, EmpEnvironment
Satisfaction, and Performance Rating. These attributes were
used to analyze employee characteristics and support the
development of the proposed predictive model. Data
visualizations such as bar plots and heatmaps were used to
examine Performance distribution, feature correlations etc.,
are given below:

Correlation Heatmap of All Features

<l HEE NN
i ]

DistancefromHome

EmpEducationLevel -
EmpEnvironmentSatisfaction
EmpHourlyRate .-.-
Empjoblnvolvement - W I
EmpjobLevel - [ N | ] 06
Emp]obSatisfaction .-.-
NumCompaniesWorked -
EmpLastSalaryHikePercent .-.-
EmpRelationshipSatisfaction 1| N IR

TotalWorkExperiencelnYears - . .

TrainingTimesLastvear - I I

ExperienceYearsAtThisCompany

ExperienceYearsinCurrentRole -
YearsSinceLastPromotion -
YearsWithCurrManager -

PerformanceRating | : : ..-.-
N

Fig. 2. Correlation Matrix

Figure 2 represents a correlation heatmap of the dataset’s
features, where each cell indicates the correlation coefficient
between two variables. The diagonal line of dark red squares
shows perfect self-correlation (value = 1), while the off-
diagonal cells display varying degrees of positive
(red/orange) and negative (blue) correlations. Most feature
relationships appear to be weak to moderate, as reflected by
the dominance of blue shades, suggesting low correlation
among many attributes. However, a few pairs exhibit stronger
positive or negative associations, highlighted in brighter red
or light blue tones, which may indicate potential redundancy
or interaction effects between those variables. This
visualization helps in identifying patterns, dependencies, and
multicollinearity within the dataset.

Figure 3 illustrates scatter plots showing the relationship
between employee performance ratings and four different
attributes: hourly rate, experience, distance from home, and
age. In subplot (a), performance ratings appear across
different hourly pay levels, with no strong linear relationship
but visible clustering within certain pay ranges. Subplot (b)
indicates that employees with higher performance ratings
generally have a wider distribution of experience, though
many clusters around lower experience levels. Subplot (c)
shows performance ratings relative to distance from home,
where ratings are spread across all distances without a distinct
trend, suggesting weak correlation. Finally, subplot (d)
displays performance ratings against age, showing that
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employees of varying ages can achieve similar ratings,
though younger employees are more concentrated in mid-
level ratings. Overall, the plots suggest that while these
features influence performance ratings to some extent, none
show a very strong direct relationship.

(a) Performance rating vs. employee hourly rate

100 (b) Performance rating vs. employee experience
% S

E3s
PEY

ny

P

3

£

8

EmpHourlyRate

2 3

2 performanceRating

PerformanceRating

(c) Performance rating vs. distance from home (d) Performance rating vs. age

DistanceFromHome

PerformanceRating

3
PerformanceRating

Fig. 3. Comparison of performance rating with different columns of the
dataset

B. Data Pre-Processing

Data preparation began with collecting the Employee
Dataset, followed by concatenation and data cleaning to
ensure consistency. Relevant features were then extracted,
and preprocessing steps were applied to handle missing
values, remove duplicates and remove outliers. Further, the
dataset underwent transformation and normalization to
enhance model performance. The detailed preprocessing
steps are outlined as follows:

¢ Handle missing value: To handle missing values, the
rows or columns can be eliminated, particularly if the
dataset is large and the amount of missing data is small,
or if an entire column has a very high percentage of
missing values.

e Remove duplicate records: To remove duplicate
records, use the built-in "Remove Duplicates" feature
in Excel (found under the Data tab) to delete rows with
identical values in specified columns.

e Remove Outliers: Removing outliers during data
preprocessing is a common practice to improve the
performance and accuracy of statistical analyses and
machine learning models.

C. Data Encoding

Data encoding isthe process of converting raw or
complex data into a structured, standardized format, often
numerical, that is suitable for storage, transmission, and
processing by machines and algorithms.

D. Standardscaler() For Data Normalization

Given the different scales of each descriptor, the dataset
was standardized using the StandardScaler() method to
transform the data so that the mean of the resulting
distribution is zero and the standard deviation is one. This
transformation is achieved by subtracting the mean value of
each observation and dividing by the standard deviation, as
shown in Equation (1):

z="F ()
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Where z is the transformed value of the feature, x is the
original value of each descriptor, p is the mean, and o is the
standard deviation of the feature in the dataset.

E. PCA for Feature Selection

Feature selection is a data preprocessing technique that
identifies and selects a subset of relevant input variables
(features) from a larger dataset to build machine learning
models, improving model performance, reducing noise,
preventing overfitting, decreasing computational cost, and
enhancing interpretability [23]. PCA can be used for feature
selection by identifying original features with high loadings
on the most significant Principal Components (PCs), which
represent the directions of maximum variance in the data.

F. Data Splitting

To evaluate efficiency, the dataset was divided into
training and testing subsets, with 70% of the data used for
model development and parameter estimation, and the
remaining 30% reserved for testing and performance
assessment.

G. Proposed Deep Neural Network (DNN)

A deep neural network (DNN) is a deep learning
algorithm widely recognized by scholars. The network
structure of DNN includes the input layer, hidden layer and
output layer and each layer is fully connected [24][25]. Each
neuron has no connection with the neurons between the layers
and is connected with all the neurons in the next layer. After
each layer of the network, there is an activation function
acting on the output, which strengthens the effect of network
learning. Therefore, DNN can also be understood as a large
perceptron composed of multiple perceptrons. Take the ith
layer forward propagation calculation as an example, the
formula is as follows Equation (2):

Xip1 = 0(Xw;x; + b) 2

Where x represents the input value, w represents the
weight coefficient matrices and b represents the bias
vector[26]. In a multi-class network, ReLU is usually used as
an activation function, the formula is as follows Equation (3):

o(x) = max(0,x) 3)

The loss function measures the output loss of training
samples and calculates the backpropagation of the network
through the loss function to optimize the network structure.
In the classification task, usually cross-entropy is chosen as
the loss function, the formula is as follows (4):

€= -, 21, (vilogp:) )

Where N represents the number of the input data set, M
represents the number of categories, yi represents whether
the classification i corresponds to the real category and pi
represents the probability of predicting into category i. The
Deep Neural Network (DNN) was configured with ReLU
activation, Adam optimizer (learning rate 0.001), batch size
32, and 4,000 epochs. Cross-entropy loss handled binary
classification, with dropout (0.2) preventing overfitting. The
initialization improved stability, and early stopping based on
validation loss ensured optimal training.

H. Evaluation Metrics

The efficacy of the suggested design was investigated
through a number of performance parameters. The predicted
outcomes of trained models were compared with the real
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values. It comprises of four parameters, such as true positive
(TP), false positive (FP), true negative (TN), and false
negative (FN) [27]. The following matrix, including
accuracy, precision, recall, and F1-score, is explained below:

Accuracy: The ratio of the number of instances correctly
predicted by the trained model to the total number of
instances in the dataset (input samples). It is given as
Equation (5)-

TP+TN
TP+Fp+TN+FN

(6))

Precision: Precision is the proportion of positive
instances successfully predicted to all positive instances
predicted by the model. Precision indicates. How good the
classifier is in predicting the positive classes is expressed as
Equation (6):

Accuracy =

TP
TP+FP

Precision = (6)

Recall: This metric, the ratio of events that were

accurately predicted as positive to all instances that should

have proved positive. In mathematical form it is given as
Equation (7):

TP

TP+FN (7)

F1 score: It is a combination of the harmonic mean of
precision and recall, that is, it helps to balance recall and
precision. Its range is [0, 1]. Mathematically, it is given as
Equation (8):

Recall =

PrecisionxRecall
F1 —score =2 X ————— ®)

Precision+Recall

IV. RESULTS AND DISCUSSION

This section outlines the experimental setup and presents
the performance of the proposed model during both training
and testing phases. The proposed model runs on a machine
with specifications of Intel (R) Xeon (R) CPU, 13 GB RAM,
2249.998 MHz CPU, 512KB cache size, and the CPU model
name is AMD EPYC 7B12. The proposed model was trained
on the Employee Dataset and assessed using key performance
metrics such as accuracy, precision, recall, and F1-score, as
summarized in Table Il. The experimental results of the
proposed Deep Neural Network (DNN) model for enhancing
employee performance on the Employee Dataset indicate
highly efficient and reliable performance. The model
achieved an impressive accuracy of 96.25%, supported by a
precision of 98%, a recall of 97%, and an F1-score of 97%,
reflecting its strong ability to correctly classify employee
performance with minimal errors. These balanced metrics
demonstrate the robustness of the DNN model, highlighting
its effectiveness in handling complex patterns within the
dataset and making it superior for predictive analysis
compared to traditional approaches.

TABLE Il. EXPERIMENTAL RESULTS OF PROPOSED MODEL FOR
ENHANCING EMPLOYEE PERFORMANCE ON EMPLOYEE DATASET

Performance Matrix Deep Neural Networks

(DNNs) Model

Accuracy 96.25
Precision 98
Recall 97
F1-score 97
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Training and Cross Validation Score for DNN Model
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0.800 Cross Validation Score
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Number of iterations

Fig. 4. Accuracy curves for the DNN Model

Figure 4 presents the accuracy curves of a model across
nine iterations, showing the comparison between training
score (blue) and cross-validation score (green). The training
accuracy begins around 0.95, slightly dips, and then steadily
improves, approaching nearly 1.0 in later iterations,
indicating that the model learns effectively on the training
data. The cross-validation accuracy starts lower at about 0.85,
drops slightly, and then gradually improves to around 0.91,
demonstrating that the model generalizes reasonably well.
Although the training score remains consistently higher than
the validation score, the relatively parallel trends suggest that
the model maintains stability with minimal overfitting,
achieving strong predictive performance.

Training and Validation Loss for DNN Model

Training Loss
Validation Loss

1 2 3 4 5 6 7 8 9
Number of iterations

Fig. 5. Loss curves for the DNN Model

Figure 5 shows the loss curves for the DNN model across
9 iterations, depicting training loss (purple) and validation
loss (orange). Both curves demonstrate a steady decline,
indicating effective learning and convergence of the model.
The training loss decreases consistently from about 0.45 to
nearly 0.22, while the validation loss reduces from around
0.50 to approximately 0.34, closely following the training
curve. The relatively small gap between the two curves
suggests that the model generalizes well to unseen data with
minimal overfitting, and the final low loss values confirm the
robustness and stability of the DNN model in achieving
reliable predictive performance.

Predicted

= 204 =
Class O =

=T £ ==

= s7 a
Class 1 =

<T S 174

= 210 2
Class 2 &

= 3 25

Fig. 6. Confusion matrix for DNN
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Figure 6 represents a confusion matrix that illustrates the
classification performance of a model across three classes.
For Class 0, the model correctly predicted 204 instances
while misclassifying a few as Class 1 (3 cases), and similarly
achieved 33 correct predictions with only 1 misclassification.
In Class 1, the model predicted 174 samples correctly but
confused 57 as Class 0 and 4 as Class 2, with 5 instances
misclassified in the opposite direction. For Class 2, it
accurately classified 210 instances, while misclassifying 2 as
Class 1, along with 25 correct predictions, but 3 cases were
misclassified. Overall, the diagonal dominance in the matrix
indicates strong predictive performance, though some
overlap between classes highlights areas for potential
improvement.

A. Comparative Analysis

To demonstrate the effectiveness of the proposed DNN
model, a comparative accuracy analysis with other existing
models is presented in Table IlI. In this evaluation, the table
presents the accuracy comparison of different predictive
models for enhancing employee performance using the
Employee Dataset. Among the models, the Decision Tree
(DT) achieved an accuracy of 79.6% with reasonably good
precision (87.1%), recall (89%), and F1-score (88.1%),
reflecting balanced performance but limited overall accuracy.
The Logistic Regression (LR) model showed an accuracy of
86.73%, though its precision (43.37%) and recall (50%) were
comparatively low, indicating weaker predictive reliability.
The Random Forest (RF) model performed better, with
88.4% accuracy and strong precision (87.23%), recall
(88.5%), and F1-score (87.8%), suggesting more stable
predictions. However, the Deep Neural Network (DNN)
significantly outperformed all other models, achieving the
highest accuracy of 96.25% along with superior precision
(98%), recall (97%), and F1-score (97%), highlighting its

effectiveness and robustness in predicting employee
performance.

TABLE Ill.  ACCURACY COMPARISON OF DIFFERENT PREDICTIVE
MODELS OF ENHANCING EMPLOYEE PERFORMANCE USING THE EMPLOYEE
DATASET
Model | Accuracy | Precision | Recall F1-Score

DT[28] 79.6 87.1 89 88.1
LR[29] 86.73 43.37 50 -
RF[30] 88.4 87.23 88.5 87.8
DNN 96.25 98 97 97

The proposed Deep Neural Network (DNN) model, with
an accuracy of 96.25%, offers a significant advantage by
effectively capturing complex, non-linear relationships
within the Employee Dataset that traditional models often fail
to address. Its high precision, recall, and F1-score further
emphasize its reliability in minimizing both false positives
and false negatives, ensuring more accurate and consistent
predictions of employee performance. This superior
performance demonstrates the robustness and adaptability of
the DNN model, making it a powerful tool for enhancing
decision-making in human resource management and
employee performance evaluation.

V. CONCLUSION AND FUTURE STUDY

Human resource management (HRM) plays a crucial role
in the effective functioning of modern businesses. However,
as the volume of data continues to increase, HR professionals
are facing growing challenges in objectively gathering,
measuring, and interpreting human resources data. The
experimental results reveal that among the evaluated models,
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the Deep Neural Network (DNN) achieved the highest
accuracy of 96.25%, outperforming Decision Tree (79.6%),
Logistic Regression (86.73%), and Random Forest (88.4%).
This superior performance can be attributed not only to the
powerful learning capability of the DNN but also to the

effective

feature selection process, which involved

dimensionality reduction using PCA to eliminate irrelevant
and redundant attributes. By retaining only, the most
significant features, the model’s efficiency and generalization
ability were enhanced, leading to more accurate predictions.
Hence, the integration of feature selection with DNN
provides a robust and reliable framework for employee

performance analysis.

In the future, a decentralized

mechanism can be incorporated with the proposed model to
secure the Al-based classification to rank and identify low
performers efficiently and reliably.
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