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Abstract—With the increasing use of artificial intelligence in
decision-making systems, predicting employee performance has
attracted growing attention in human resource analytics. This
study aims to systematically evaluate the impact of data prepro-
cessing and model optimization techniques on artificial neural
network (ANN)-based prediction of employee performance in HR
analytics. Three publicly available HR datasets were used, and
multiple configurations involving feature selection, feature extrac-
tion, principal component analysis (PCA), reduced architectures,
and regularization were evaluated. The experimental results show
that appropriate feature selection and regularization consistently
improve predictive performance across datasets, whereas PCA-
based dimensionality reduction resulted in lower accuracy in
the evaluated datasets, possibly due to the loss of discriminative
information. Additionally, simplified ANN architectures yielded
modest, but consistent improvements in generalization perfor-
mance across datasets, highlighting the importance of controlling
model complexity. The top-performing configurations across the
assessed datasets achieved accuracies ranging from 81% to 96 %.
These findings offer practical guidance on selecting efficient
preprocessing and architectural techniques when applying ANN-
based models in human resource analytics.
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I. INTRODUCTION

Artificial intelligence (AI) techniques have made a signif-
icant impact on information technology (IT), and innovations
in Al-based workflows are already known and implemented by
organizations, enhancing employee productivity and satisfac-
tion. Information technologies are no longer confined to man-
aging static datasets; they can now analyze massive amounts
of data and produce deeper insights. Since employees’ skills
and talents are sources of growth and strategic advantage for
organizations, human resource management (HR) has received
greater recognition and attention in recent years [1]. The ability
to predict the future performance of an employee has long been
a core function of human resource management. HR analytics
has significantly improved decision-making processes by ana-
lyzing data to inform performance management strategies [2].
Employee performance refers to how an employee completes
tasks and fulfills assigned responsibilities. Researchers have
designed various methods to assess employee performance
in businesses. These include assessments of the employee’s
performance across personal attributes, psychological factors,
and educational levels. However, not all sectors might be exam-
ining these aspects [3]. An adequate analysis of performance
indicators is also critical to measuring employee productivity.
However, distinguishing between high and low performers and
offering guidance to workers remains a difficult task in human

capital management. Many organizations fail to conduct per-
formance reviews systematically, leading to unreliable evalua-
tions. To enhance the accuracy and effectiveness of workplace
performance predictions, machine learning techniques can be
used. Employee performance is affected by the use of statistical
methods, data visualization, and forecasting techniques in
business analytics, which help determine relationships, trends,
and patterns. In addition, machine learning algorithms refine
the analysis by capturing complex patterns and relationships in
the data, enabling more accurate performance predictions. With
this comprehensive approach, organizations can improve their
analysis, personnel management, performance optimization,
and overall success [4].

Most previous research has employed traditional machine
learning algorithms or ensemble techniques to predict em-
ployee performance, but neural network approaches have re-
ceived comparatively less attention in this area. Such reliance
may limit the ability to discern complex, nonlinear patterns
and deep relationships among variables that profoundly affect
employee performance. In addition, many studies rely on a
single dataset, which can reduce the accuracy and general-
izability of predictions, especially in complex organizational
environments. Furthermore, there has been a lack of systematic
analysis of data preprocessing and model optimization across
multiple datasets. This gap underscores the need for further
research to assess the effectiveness, robustness, and practical
applicability of neural network techniques for predicting em-
ployee performance.

Artificial neural networks (ANNs) were selected in this
study due to their strong capability to model complex nonlinear
relationships between employee attributes and performance
outcomes. In contrast to conventional tree-based models, such
as Random Forests or Decision Trees, ANNs can capture
hierarchical interactions and learn deeper representations from
heterogeneous HR data. This capability makes ANN-based
models particularly suitable for high-dimensional datasets,
where interactions among variables may be complex and dif-
ficult to represent using traditional machine learning methods.

The main aim of this research is to logically evaluate
the performance of artificial neural networks (ANNs) for
predicting employee performance by examining the effects of
various data preprocessing methods and model optimization
approaches across different publicly available HR datasets.
Accordingly, the main research question is: What is the impact
of data preprocessing and architectural optimization on the
effectiveness of ANN models for predicting employee perfor-
mance?

This study makes the following contributions:
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e It introduces a unified cross-dataset evaluation frame-
work for systematically assessing preprocessing and
ANN optimization strategies in HR analytics, provid-
ing generalized insights that extend beyond dataset-
specific findings.

e It provides empirical evidence on the effectiveness
of feature selection, architectural simplification, and
regularization strategies, demonstrating their consis-
tent impact on improving model generalization across
heterogeneous HR datasets.

e It offers a comparative analysis of dimensionality
reduction techniques, showing that PCA may lead to
the loss of discriminative information in HR datasets,
thereby adversely affecting classification performance.

e It presents practical methodological guidelines for
designing efficient ANN-based predictive models in
HR analytics, enabling both researchers and HR prac-
titioners to select appropriate preprocessing and opti-
mization strategies.

The study is structured as follows: Section II reviews the
literature. Section III outlines the methodology. Section IV de-
scribes the experiments. Section V presents the results. Section
VI provides the discussion. Finally, Section VII concludes the
study and outlines directions for future research.

II. LITERATURE REVIEW

Employee performance prediction has become a growing
focus in HR analytics because of its effects on corporate pro-
ductivity, strategic decision-making, and long-term competitive
advantage. The literature review is structured into three interre-
lated streams. First, previous work on the direct prediction of
employee performance using machine learning and artificial
intelligence techniques is reviewed. Second, related studies
on student performance prediction are considered, which are
methodologically close to the present study and implement
artificial neural networks and multi-class classification. Finally,
research on employee attrition prediction is reviewed as a
closely related area of HR analytics that offers similar pre-
dictive modeling challenges in workforce management.

A. Employee Performance Prediction

Some early HR analytics research used statistical and
regression-based methods to identify factors affecting em-
ployee performance. Kumari et al. [2] used regression analysis
and a mixed-methods approach to investigate the influence of
training, engagement, and job satisfaction on organizational
growth, showing that variations in these variables accounted
for 29% of the variance in employees’ performance. Although
such approaches provided useful insights into the determinants
of performance, their ability to capture complex nonlinear
relationships between employee attributes remained limited,
which restricts their effectiveness when dealing with large and
multidimensional HR datasets.

Numerous recent studies have employed conventional clas-
sifiers, including Decision Trees, Random Forests (RF), Sup-
port Vector Machines (SVM), Naive Bayes, and Logistic
Regression. Nayem and Uddin [5] reported that Random Forest
gave the best performance among the evaluated models. Nasr et
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al. [6] used three conventional classifiers on a relatively small
sample of survey data and found that SVM showed the highest
accuracy (86.9%) with years of experience and professional
training as key determinants of performance. Although these
studies demonstrate the effectiveness of traditional machine
learning algorithms, most focus primarily on model compar-
ison or predictive accuracy rather than examining how data
preprocessing strategies or dataset characteristics influence
model behavior. For example, Asuquo et al. [7] and Jayadi
et al. [8] reported strong performance for Random Forest
and Naive Bayes, respectively, yet the role of preprocessing
strategies such as feature selection or dimensionality reduction
was not systematically investigated. Consequently, it remains
unclear how different preprocessing strategies influence model
performance across datasets with varying characteristics.

Patel et al. [3] proposed a multi-classifier Al-based frame-
work and demonstrated that ensemble learning approaches out-
performed standalone models by 3—4% in accuracy. Similarly,
Obiedat and Toubasi [9] showed significant improvements
in accuracy when combining AdaBoost and Bagging with
conventional classifiers, highlighting the potential of ensemble
techniques to enhance classification performance. However,
both studies primarily emphasize improvements in accuracy
through model aggregation while offering limited discussion
of how preprocessing strategies, feature engineering, or dataset
complexity affect the overall predictive performance of these
models.

Hasan et al. [10] proposed an integrated framework com-
bining business analytics and machine learning to predict em-
ployee performance across multiple data sources and analytical
stages, including preprocessing, feature selection, and model
optimization. The findings suggest that combining machine
learning and business analytics can help estimate worker per-
formance more accurately and enhance data-driven decision-
making in HR management. However, rather than method-
ically assessing neural network topologies or preprocessing
approaches across several datasets, the study primarily focuses
on integrating analytical techniques.

Other studies have focused on hyperparameter adjustment
and ensemble learning. Sinha [4] discussed ensemble-based
algorithms combined with hyperparameter optimization tech-
niques such as Optuna, Bayesian optimization, and randomized
search, with Gradient Boosting achieving the best accuracy
(96.2%). Similarly, Tanasescu et al. [11] applied the CRISP-
DM framework and found that XGBoost achieved the highest
accuracy after systematic hyperparameter tuning using the Op-
tuna framework. While these studies highlight the importance
of optimization techniques for improving model performance,
they continue to rely heavily on tree-based models, leaving
neural network approaches relatively underexplored in HR
analytics, particularly in relation to preprocessing strategies
and architectural design choices.

B. Student Performance Prediction

Student performance prediction has received considerable
attention in educational data mining, and several studies have
applied machine learning and neural network models to iden-
tify patterns that influence academic outcomes. These studies
are methodologically relevant to the present research because
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they address similar multi-class classification problems and
frequently employ neural network architectures.

Yagc1 [12] compared several machine learning algorithms
for predicting academic performance and reported that the
proposed model achieved classification accuracies of 70%—
75%. Although these results demonstrate the applicability of
machine learning techniques in educational contexts, the rela-
tively moderate accuracy suggests that model performance may
depend strongly on feature quality and dataset characteristics.

Recent research has also studied deep learning architectures
in conjunction with data-balancing strategies. Aslam et al.
[13] achieved good predictive results with their deep learning
model, which incorporated SMOTE to address data imbalance,
highlighting the importance of preprocessing strategies when
dealing with skewed educational datasets.

Other studies have explored neural network—based ap-
proaches. Lau et al. [14] developed a hybrid predictive model
combining statistical methods with neural networks trained
using the Levenberg-Marquardt algorithm. The neural network
model consists of 11 input variables, 2 hidden layers, and
1 output layer, achieving an accuracy of 84.8%. Likewise,
Abu Naser et al. [15] developed an Artificial Neural Network
(ANN) model based on a multilayer perceptron trained via
backpropagation, achieving an accuracy of 84.6%. Similarly,
Chavez et al. [16] developed an artificial neural network model
to predict student academic performance using nonpersonal
learning data from the Open University Learning Analytics
dataset. Behavioral learning indicators, such as course inter-
actions and evaluation scores, were used as input features,
achieving an accuracy of 93.81%.

Several additional studies further support the effectiveness
of ANN-based approaches for predicting academic outcomes.
Baashar et al. [17] conducted a comprehensive review exam-
ining the application of Artificial Neural Networks (ANNs)
for predicting students’ academic performance. Their findings
indicate that ANN-based approaches generally achieve strong
predictive performance when combined with data mining and
analytics techniques; however, the selection of input vari-
ables varies substantially across studies and often depends on
data availability and contextual factors. Mengash [18] applied
various data mining techniques to predict early academic
achievement based on pre-admission standards and reported
that the ANN model achieved the highest predictive accuracy
of 79%, further demonstrating neural networks’ ability to
capture complex relationships in educational data. Similarly,
Altabrawee et al. [19] examined several machine learning
techniques and found that the ANN model achieved the best
performance, with an accuracy of 77.04%.

These results demonstrate how neural network models can
capture intricate nonlinear correlations in educational data.
However, most existing studies evaluate neural network mod-
els using a single dataset and focus primarily on predictive
accuracy, while providing limited analysis of how architectural
configurations or preprocessing strategies influence model per-
formance across different datasets.

C. Employee Attrition Prediction

Several studies have compared multiple machine learning
algorithms to identify the most effective predictive models.
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Setiawan et al. [20] used a logistic regression model in an
HR analytics framework to examine employee attrition. Their
findings demonstrated the value of statistical methods for
identifying key factors influencing employee turnover, with the
proposed model achieving an accuracy of almost 75%. Falluc-
chi et al. [1] evaluated several algorithms to predict employee
attrition and concluded that the best predictive performance
was obtained by Gaussian Naive Bayes. Similarly, Nandal et
al. [21] conducted a comparative analysis of machine learning,
ensemble, and deep learning approaches, reporting that the
Feedforward Neural Network achieved the highest accuracy
of 83.93%. In a similar study, Mansor et al. [22] examined the
use of machine learning methods to forecast employee attrition
and showed that classification models can successfully identify
trends in HR analytics datasets related to employee turnover.
Additionally, Jain et al. [23] suggested a machine learning
strategy that uses many categorization models to explain and
forecast employee attrition. According to their results, Random
Forest had the best predictive performance, indicating that
ensemble learning methods can offer reliable ways to identify
workers who are at risk of leaving the company. Likewise,
Pratt et al. [24] evaluated several machine learning methods
for predicting employee attrition and found that the Random
Forest method performed best, with an accuracy of almost
85%. Punnoose and Ajit [25] used several supervised machine
learning algorithms to study employee turnover prediction and
found that the Extreme Gradient Boosting (XGBoost) clas-
sifier yielded the best predictive performance. Their findings
demonstrate how well boosting-based models handle noisy
HR information and raise the accuracy of turnover prediction.
These studies collectively demonstrate that ensemble-based
models, particularly Random Forest and boosting algorithms
such as XGBoost, often outperform traditional classifiers in
employee attrition prediction tasks.

Marin Diaz et al. [26] applied explainable artificial in-
telligence (XAI) techniques to analyze employee attrition
and improve transparency in predictive models. Their results
demonstrate the importance of interpretable machine learning
techniques in facilitating better-informed HR decision-making.
Alsheref et al. [27] proposed an ensemble-based predictive
framework to forecast employee turnover via hyperparameter
tuning, highlighting that organizational context influences the
model’s effectiveness.

Other studies have incorporated additional preprocessing
and optimization techniques. Arqawi et al. [28] applied pre-
processing and SMOTE-based balancing before training deep
learning models and reported improved predictive performance
with an accuracy of 94.52%. Likewise, Raza et al. [29] used
exploratory data analysis, feature engineering, and SMOTE-
based balancing, demonstrating that an optimized Extra Trees
classifier could achieve 93% accuracy. Similarly, Al-Darraji
et al. [30] developed a deep neural network model by in-
corporating preprocessing and data balancing techniques; their
model achieved accuracies of 91% on the original dataset and
94% on the balanced dataset. These findings demonstrate the
importance of preprocessing and class balancing for improving
the predictive performance of HR analytics.

These results emphasize the importance of data balancing
and preprocessing techniques for enhancing model perfor-
mance; however, most research focuses on predictive accuracy
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rather than systematically examining how model architec-
tures or preprocessing techniques affect generalization across
datasets.

D. Research Gap

Even though these studies [2], [3], [4], [11], [5], [9], [7],
[6], [8], [10] showed strong predictive performance, several
limitations remain. The majority of the research is based on
a single dataset, limiting the generalizability of the results.
Additionally, they concentrate more on hyperparameter tuning
and model comparison than on the systematic assessment of
preprocessing techniques or neural network architecture design
across multiple datasets.

In contrast to studies in other areas on predicting student
performance [12], [13], [14], [15], [16], [17], [18], [19],
which mainly evaluate neural networks on a single dataset,
systematic comparisons of preprocessing strategies and modern
optimization techniques are still lacking.

Although employee attrition studies [1], [27], [28], [21],
[29], [22], [23], [30], [26], [24], [20], [25] demonstrate how
machine learning and deep learning can be applied to HR
analytics, their main focus is on model comparison and pre-
dictive performance. Comprehensive cross-dataset evaluation
of preprocessing methodologies, optimization approaches, and
the effects of neural network architectural complexity has
received little attention.

To address these gaps, this study utilizes three publicly
available HR datasets to systematically evaluate and compare
preprocessing methods and model tuning strategies for ANN-
based employee performance prediction.

III. METHODOLOGY
A. Dataset Description

The first dataset, obtained from Kaggle (HR metrics and
analytics), contains information on 311 employees and 36 at-
tributes. Of these 36 attributes, there were no duplicates and no
missing values apart from 207 missing values in the ‘Date of
Termination’ attribute and 8 missing values in the ‘ManagerID’
attribute. The dataset includes both categorical and numerical
variables that reveal employees’ characteristics, demograph-
ics, job details, performance, and identification details. Also
included are attributes that capture whether an employee is
satisfied with their job, as well as those related to their salary
and attendance. The target variable is the performance score
(Exceeds, Fully Meets, Needs Improvement, and PIP).

The second dataset from INX Future Inc. consists of 1200
employees and 28 different features. There are no missing
values or duplicates in this dataset. The dataset has more
numerical features than categorical features. The categorical
features include EMP number, gender, education level, marital
status, department, position, business travel, overtime, and
whether the employee has left the company. The numerical
features include age, job satisfaction, years of service, per-
centage of last salary hike, and promotion. The performance
rating is the target and has the values 2, 3, and 4 (2 being the
lowest and 4 the highest).
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The third dataset (Employees’ performance) from Kaggle
contains 17,417 employees and 13 features. There are no dupli-
cates or missing variables in the dataset, except for 771 missing
values in the education column and 1,363 missing values in
the previous year rating column. The dataset contains variables
such as department, region, education, gender, and recruitment
channel, all of which are categorical. employee ID, number of
trainings, age, previous year rating, length of service, KPIs
met more than 80, awards won, and average training score
are numerical. The target variable (average training score) has
been divided into four performance classes to facilitate the
determination of employee performance: low, medium-low,
medium-high, and high. Table I shows the summary of all
three datasets.

The class distribution varies across the evaluated datasets.
The HR metrics and analytics dataset exhibits noticeable class
imbalance, as some performance categories have few instances.
In contrast, the INX dataset shows a relatively balanced distri-
bution across the three classes. The Employees’ performance
dataset contains a larger number of samples and demonstrates
a moderately balanced class distribution.

B. Data Preprocessing

To understand how attributes relate to each other and
how they are arranged across datasets, we used Exploratory
Data Analysis (EDA) tools, such as histograms, scatterplots,
and boxplots, to analyze the data before preprocessing. The
data preprocessing stage consisted of several steps applied
consistently across all datasets.

1) Categorical encoding: In data science and machine
learning, handling categorical data can be challenging. Some
target variables are categorical by default, so we applied
preprocessing techniques, such as label encoding, to convert
non-numeric columns to numeric values to improve the data
for machine learning models and extract useful information.

2) Handling missing values: Using scikit-learn’s Sim-
pleImputer, we handled missing values (NaNs). For numeric
columns, we used the mean as the fill value (imputing the
column’s mean); for categorical columns, we used the most
frequent value (imputing the most frequent category). To avoid
data leakage, imputation was applied post train-test split.
Imputation was based solely on the properties of the training
data set. We carefully handled missing values to ensure the
dataset was reliable and complete.

3) Feature selection: Before training the model on the
datasets, we identified the most impactful and relevant features
that affect an employee’s performance. Only training data
was used for feature selection to avoid data leakage, and the
selected features were then applied to the test set. Initially,
irrelevant features, such as unique identifier columns (e.g.,
ManagerID and EmpID in the HR metrics and analytics
dataset, EMP number in the INX dataset, and employee ID in
the Employees’ performance dataset), were filtered out. These
features do not contribute to the predictive model and should
not be included. We identified and removed features that could
slow down model training or degrade performance, such as
columns with weak correlations with the target variable. Based
on the correlation analysis below:
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TABLE I. SUMMARY OF ALL DATASETS

Datasets Rows Columns | Missing Values Duplications | Categorical | Integer Target Target Classes
Columns Columns | Variable

HR metrics and 311 36 Date of Termination (207 None 18 18 Performance | Four (Exceeds, Fully
analytics dataset Nulls), ManagerID (8 score Meets, Needs

Nulls) Improvement, PIP)
INX dataset 1200 28 None None 9 19 Performance | Three (2,3,4)

rating

Employees’ 17.417 13 education (771 Nulls), None 5 8 Average Four (Medium-High,
performance previous year rating (1363 training Low, Medium-Low,
dataset Nulls) score High)

In the HR metrics and analytics dataset, the performance
score showed a strong positive correlation with DaysLate-
Last30, EmpID, and Termd; a weak positive correlation with
RaceDesc and Manager_Name; a strong negative correlation
with PerfScoreID and EngagementSurvey; and a weak nega-
tive correlation with Employee_Name and FromDiversityJob-
FairID.

In the INX dataset, performance rating showed a strong
positive correlation with EMP environment satisfaction, EMP
last salary hike percent, and EMP work-life balance; a weak
positive correlation with overtime, marital status, num compa-
nies worked, EMP education level, education background, and
EMP job satisfaction; and a weak negative correlation with
other columns.

In the employees’ performance dataset, the average training
score showed a weak positive correlation with the number of
awards won and with KPIs met more than 80, as well as a
weak negative correlation with length of service and age.

4) Feature extraction: By merging the two features most
closely related to the target, we created new features to
improve the dataset. Potential interaction effects between the
most predictive features were captured using simple arith-
metic combinations (addition and multiplication). To avoid
data leakage, feature extraction was performed independently
for each dataset using only the training data, and the con-
structed features were subsequently applied to the test set.
These combination features increase the dataset’s expressive
power and may improve model performance. The process
of feature extraction seeks to capture essential information
by retaining the most critical patterns or structures in the
data, capturing interactions or combined effects that are not
represented by individual features, eliminating irrelevant or
redundant information, improving interpretability through the
creation of features that are easier to understand or visualize,
and enhancing generalization performance, particularly when
the original features are strongly correlated with one another
and with the target variable.

5) Principal Component Analysis (PCA): We employed
PCA across all datasets, setting n_components = 0.90 to
retain 90% of the total variance. PCA was fitted only on the
training data and then applied to the test data to prevent data
leakage. PCA projects the original feature space into a lower-
dimensional space by constructing a set of principal com-
ponents that capture directions of maximum variance in the
data. This method reduces dimensionality and computational
complexity and can help mitigate noise. PCA relies on linear
algebra concepts, particularly eigenvectors and eigenvalues.

The covariance matrix measures how different variables
relate to each other. If two variables, X3 and X4, are strongly
correlated, PCA can combine them into a single component.
Eigenvectors represent the orientations (axes) of the new
coordinate system formed by the principal components, and
each principal component is associated with its own eigen-
vector. Eigenvalues indicate how much of the variance in
the dataset is captured by each principal component, where
larger eigenvalues correspond to components that explain more
variance. Finally, the data is projected into a lower-dimensional
space defined by the selected principal components.

6) Feature scaling: Feature scaling is necessary because
it enables the creation of accurate and efficient machine
learning models. We used StandardScaler on all datasets to
standardize the features, setting them to have a mean of zero
and a standard deviation of one. This step is critical because
it improves the convergence of gradient-based optimization
algorithms used in neural networks, ensures that features with
different scales contribute equally to the model, and mitigates
the impact of outliers by normalizing the data distribution.
We applied StandardScaler after splitting the data to prevent
data leakage and ensure the test set remained unseen during
training. Applying scaling implemented before the split may
have integrated test-set data into the training set, leading to an
underestimate of model performance.

C. Data Splitting

We divided each dataset into a training and test set (70% for
training and 30% for testing). While training the model, we set
aside an additional 20% of the training set as a validation set
to assess the model’s fit on novel data. This splitting strategy
ensures sufficient training data, an independent test set for un-
biased evaluation, and a validation dataset for hyperparameter
tuning and overfitting detection.

D. Proposed ANN Model Implementation

After the objectives were set, we carefully studied all the
datasets in the research. Next, we built a sequential neural net-
work model using the Keras library. We developed 12 versions
of the model using two primary work strategies: manipulating
the input dataset and tuning parameters. The manipulation of
input datasets included removing the least-correlated features,
creating features by combining the two features with the
highest correlation with the target, and performing principal
component analysis. The corresponding changes to the model
architecture included reducing the number of layers and using
regularization and dropout.
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E. Model Training and Evaluation

We trained the models for 100 epochs with a batch size of
32 for each dataset. Hyperparameters were chosen based on
preliminary experimental trials and commonly used configu-
rations in the neural network literature. To ensure adequate
model convergence, the number of epochs was set to 100,
while a batch size of 32 was used to balance computational
efficiency and training stability. To further mitigate overfitting
and improve generalization, L2 regularization with a coeffi-
cient of 0.01 and a dropout rate of 0.5 were applied. We
set aside 20% of the training data for validation to monitor
loss and accuracy. During training, accuracy and categorical
cross-entropy loss were measured on both the training and
validation sets. Learning curves were plotted across epochs to
analyze convergence behavior and detect potential underfitting
or overfitting, thereby supporting informed decisions regarding
model architecture, regularization strategies, and training dura-
tion. For each model, a confusion matrix was used to evaluate
class-level performance by analyzing true positives (TP), false
positives (FP), true negatives (TN), and false negatives (FN).
Accuracy, precision, recall, and Fl-score were calculated to
provide a comprehensive performance assessment. The con-
fusion matrix presented actual classes as rows and predicted
classes as columns, enabling identification of misclassification
patterns.

e  True Positives (TP): Instances where the model cor-
rectly predicted the performance rating.

e  True Negatives (TN): Instances correctly identified as
not belonging to a given class.

e  False Positives (FP): Instances where the model incor-
rectly classified a sample as belonging to a given.

e False Negatives (FN): Instances where the model
failed to predict the correct class.

As shown in the flowchart of Fig. 1, we developed a
methodological framework to predict employee performance.
The flowchart presented the methodology at each step, begin-
ning with the description and analysis of employee perfor-
mance datasets. Subsequent steps included data preprocessing
and dividing the dataset into training, validation, and test sets.
Following this, an artificial neural network (ANN) model was
implemented. The last steps involved training the model and
evaluating its performance to determine its predictive accuracy.

IV. EXPERIMENTS

The initial model (without data manipulation or architec-
tural modifications) consisted of three layers: 128 neurons,
64 neurons, and an output layer with a softmax activation
function for multi-class classification. The categorical cross-
entropy loss function was used as it is suitable for multi-class
problems. The Adam optimizer was employed for efficient
gradient-based optimization. ReLU activation was applied in
the hidden layers to introduce non-linearity. The initial results
served as a baseline for subsequent experiments.

A. Data Preprocessing Techniques

Three strategies were used to preprocess the data to in-
crease the ANN’s predictive capability.
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Analysis of employee
performance datasets

!

Data preprocessing

Principal component Feature Data without
extraction analysis selection manipulation

| | | |
|

Splitting dataset into training,
validation, and testing

Feature

Parameter tuning

! ! !

Reduce the Regularization and Model without
number of layers dropout modification
>
Test data v

Model training and evaluation

Fig. 1. Methodology framework.

1) Feature selection: To reduce noise and dimensional-
ity, we targeted and excluded features that were minimally
correlated with the prediction variable. For instance, in the
HR metrics and analytics dataset (RaceDesc, MaritalDesc,
and Manager_Name), the INX dataset (education background,
EMP job satisfaction, gender, and training times last year), and
the Employees’ performance dataset (recruitment channel and
education). The ANN was trained on these reduced datasets
to enhance computational efficiency while improving model
accuracy.

2) Feature extraction: Based on the two features with the
highest correlation with the prediction variable, we performed
arithmetic operations (multiplication and addition) to create
new features. For example, in the HR metrics and analytics
dataset (DaysLateLast30 and Salary), the INX dataset (EMP
environment satisfaction and EMP last salary hike percent),
and the Employees’ performance dataset (KPI met more than
80 and age). This approach was taken to better capture
potential nonlinear interactions between the features and the
target, thereby improving the model’s overall performance.

3) Principal Component Analysis (PCA): PCA was used to
reduce the dataset’s dimensionality while retaining the compo-
nents that explain most of the variance. We set n_components
= 0.90 to retain 90% of the total variance. For the HR metrics
and analytics dataset, the original set comprised 311 instances
and 36 features. After applying PCA, the dimensionality was
reduced to 20 components. In the INX dataset, which initially
consisted of 1200 instances and 28 features, PCA reduced it
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to 19 components. For the Employees’ performance dataset,
which initially had 17417 instances and 13 features, PCA
reduced it to 9 components. We trained the ANN on these
transformed datasets.

B. Parameter Tuning

We implemented two model control strategies to improve
the ANN’s performance.

1) Reducing the number of layers: To continue the investi-
gation into model optimization and complexity reduction, we
introduced a new architecture with fewer layers and neurons.
The model consisted of two hidden layers with 64 and 32 neu-
rons, and an output layer with a softmax activation function for
multi-class classification. The categorical cross-entropy loss
function was used since it is suitable for multi-class problems.
The Adam optimizer was used for gradient-based optimization.
ReLU activation was applied in the hidden layers to introduce
nonlinearity and enable the model to learn complex patterns.
This reduced architecture aimed to mitigate overfitting and
decrease computational complexity while maintaining effective
multi-class classification performance.

2) Regularization and dropout: To mitigate overfitting,
while improving generalization, dropout and L2 regulariza-
tion were applied. L2 regularization added a penalty term
(0.01) to the loss function to constrain the magnitude of the
weights, thereby reducing model complexity and overfitting.
Dropout randomly deactivated 50% of neurons during training
to prevent over-reliance on specific neurons and enhance
generalization.

V. RESULTS
A. Results of HR Metrics and Analytics Dataset

Results for the HR metrics and analytics dataset showed
that the initial ANN model achieved the highest accuracy
of 93.62% compared to the other datasets. This percentage
reflected the model’s ability to accurately classify cases and to
identify significant patterns in the data. The initial ANN model
served as a baseline for comparison.

Removing features with lower correlations from the initial
model and combining feature selection with a reduced-layer
model yielded the highest accuracy of 96.81%, suggesting
that feature selection was successful for this dataset. The
accuracy of feature selection with regularization and dropout
was 95.74%, which indicated an improvement over the first
model but not an optimal configuration.

The model’s performance increased to 95.74% when fea-
ture extraction techniques were applied to the initial model,
demonstrating a noticeable improvement in classification. In
addition, employing feature extraction in a model with fewer
layers, as well as combining feature extraction with regular-
ization and dropout, resulted in similar accuracy levels. This
enhancement implied that the ANN was better able to identify
underlying patterns and relationships by highlighting the key
characteristics.

The accuracy dropped to 88.30% when Principal Compo-
nent Analysis (PCA) was used on the initial ANN model.
When PCA was applied to a model with fewer layers and
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with the regularized model incorporating dropout, the accuracy
further decreased to 86.17%. These outcomes suggest that PCA
was less effective for this dataset, as class-discriminative infor-
mation may have been lost during dimensionality reduction.

The ANN model’s accuracy increased significantly to
96.81% when the number of layers was reduced, as well as
when regularization and dropout were applied to the initial
model. These outcomes suggest that limiting the model’s
capacity helped mitigate overfitting, thereby improving its
ability to generalize to new data.

The confusion matrices shown in Fig. 2 give insight into the
best-performing model across the four classes (Exceeds, Fully
Meets, Needs Improvement, and PIP). The improved ANN
resulted in improved overall accuracy (96.81%) compared
to the baseline model (93.62%). A significant improvement
was observed in Class Exceeds, where the Fl-score rose
from 0.80 to 1.00, indicating better class discrimination. The
remaining classes showed no serious change and retained
their comparatively small Fl-scores. The main reasons for
this performance gap include the small sample sizes and
extreme class imbalance, which make it harder for the model
to generalize to underrepresented categories.

Class Exceeds: Precision = 1.00, Recall = 1.00, F1 = 1.00

Class Fully Meets: Precision = 0.99, Recall = 1.00, F1 =
0.99 (unchanged)

Class Needs Improvement: Precision = 0.67, Recall = 0.50,
F1 = 0.57 (unchanged)

Class PIP: Precision = 0.50, Recall = 0.50, F1 = 0.50
(unchanged)
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Fig. 2. Confusion matrices of HR metrics and Analytics dataset.

Key insights from the HR metrics and Analytics dataset:

e The observed improvement with feature extraction
suggests that the extracted features provided relevant
information and improved the model’s predictive ca-
pability.
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e In this dataset, PCA did not help construct effective
predictive models. This analysis indicates that PCA
may have led to the loss of important information and
an oversimplification of the feature space.

e  The combination of regularization and dropout proved
effective in mitigating overfitting. In addition, apply-
ing feature selection improved model performance by
achieving a better balance between model robustness
and data quality.

e This dataset demonstrates stable behavior, as all eval-
uated models achieved consistently high accuracy,
suggesting a relatively low noise level and reliable data
patterns.

B. Results of the INX Dataset

The initial ANN model achieved an accuracy of 81.11%,
which we set as the baseline model for comparison. The model
showed strong predictive performance but was outperformed
by some modified versions. This discrepancy suggested that the
first model was not the best in terms of both feature relevance
and overfitting control.

In another experiment, features with weak correlation to
the target variable were removed, resulting in an accuracy im-
provement to 83.89%. Applying feature selection to a reduced-
layer model yielded the same accuracy. This improvement
probably reflected a decrease in feature-space noise and an
increase in model generalization. However, the combination
of feature selection, regularization, and dropout achieved an
accuracy of 81.94%. This implied that adding more regular-
ization constraints to this configuration reduced the advantages
of feature removal.

When the new features were extracted with arithmetic
operations (addition and multiplication) and added to the
original features in the initial model, the ANN achieved an
accuracy of 81.94%. Feature extraction was then applied to
a reduced-layer model. Similarly, using feature extraction on
a regularized model with dropout yielded the same accuracy.
These outcomes showed that the extracted features were infor-
mative and improved the model’s performance.

In contrast, using principal component analysis (PCA)
reduced model accuracy to 79.72% compared to the initial
model, suggesting that the dimensionality-reduction step may
have removed informative features. We applied PCA to the
model with fewer layers and to the model with regularization
and dropout, both resulting in an accuracy of 79.17%. These
outcomes demonstrated that PCA’s dimensionality reduction
was less effective for this dataset.

The ANN model’s accuracy increased to 82.78% when
the number of layers was reduced, implying that fewer layers
improved generalization by reducing overfitting.

The combination of regularization and dropout resulted in
the most noticeable improvement. This configuration achieved
an accuracy of 85.28%, clearly higher than that of the initial
model. These results showed that regularization helped miti-
gate overfitting, making the combination the most balanced in
terms of complexity and generalization.
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The confusion matrices in Fig. 3 provided more detail on
the classification performance of the best model across three
classes (Class 2, Class 3, and Class 4). The results showed that
performance was relatively balanced, with Class 3 achieving
the highest prediction accuracy. The total accuracy of the
enhanced model increased from 81.11% to 85.28%, with the
largest gains in Class 4 (F1 ~ 0.75) and modest gains in
Class 2 (F1 ~ 0.67), while Class 3 remained at the highest
level (F1 ~ 0.91). The overall outcomes indicated that the
suggested strategy improved classification performance across
all categories and yielded balanced precision—recall trade-offs.

Class 2: Precision = 0.67, Recall = 0.67, F1 = 0.67
Class 3: Precision = 0.90, Recall = 0.91, F1 = 0.91
Class 4: Precision = 0.78, Recall = 0.72, F1 = 0.75

Confusion Matrix
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Fig. 3. Confusion matrices of INX dataset.

Key insights from the INX dataset:

e  Moderate performance improvement was achieved af-
ter implementing feature selection. This suggested that
moderately increasing the model’s accuracy may be
possible through focused optimization of the feature
space, with removing low-correlation features being
more effective than introducing new ones in this
dataset.

e There appeared to be a consistent performance defi-
ciency across all PCA-based models. This suggested
that PCA might have removed too much potentially
useful information and, therefore, cannot be the right
approach for this dataset.

e The findings showed that the best methods for en-
hancing model performance are regularization and
dropout. These techniques addressed overfitting in
neural networks, a prevalent problem, by promoting
stronger generalization to unseen data.
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C. Results of the Employees’ Performance Dataset

The results of this dataset indicate that the ANN model
performs quite consistently using various preprocessing and
parameter-tuning techniques. The initial accuracy of the model
(86.57%) suggests the existence of natural discriminative pat-
terns in the dataset. However, the other modified models were
more accurate.

The accuracy increased to 87.85% after applying low-
correlation-based feature selection on the initial model. Also,
when applying feature selection to the model with lower layers,
the same level of accuracy was obtained, suggesting that re-
moving irrelevant features was enough to improve performance
without adding model complexity. However, when feature
selection was combined with regularization and dropout, the
accuracy dropped to 86.39%, indicating that other regulariza-
tion constraints might have diminished the marginal benefits
of feature removal.

When the feature extraction technique was performed, the
performance decreased slightly, with the accuracy going down
to 86.39%. It is interesting to note that this result can be
observed in a wide range of models, including ones that use
feature extraction with fewer layers or include regularization
and dropout. This means that the extracted features may have
introduced redundancy and did not provide any additional
discriminative information.

Likewise, applying Principal Component Analysis (PCA)
to the initial model resulted in a more pronounced decline
in accuracy to 83.72%. Furthermore, the accuracy decreased
slightly to 86.05% after applying PCA to a model with fewer
layers or to a model incorporating regularization and dropout,
suggesting that dimensionality reduction in this dataset may
have led to the loss of crucial information related to class
separation.

The accuracy increased to 87.29% over the initial model
when layers were reduced, which means that simplification of
the architecture is somewhat beneficial.

Combining regularization and dropout gave the best overall
result on this dataset with an accuracy of 88.16%. This result
implies that these strategies are effective in reducing overfitting
and improving the generalization of the model.

The confusion matrices in Fig. 4 provided comprehen-
sive details for the best-performing model across 4 classes
(Class Low, Class Medium-Low, Class Medium-High, and
Class High). The model’s predictive ability is good overall,
especially for the Low and Medium-Low classes, which have
high true-positive rates. However, there are discernible mis-
classifications between the Medium-High and nearby classes,
indicating that this group has lower recall and class overlap.

Class Low: Precision = 0.88, Recall = 0.95, F1 = 0.91

Class Medium-Low: Precision = 0.83, Recall = 1.00, F1 =
091

Class Medium-High: Precision = 0.89, Recall = 0.75, F1
= 0.81

Class High: Precision = 0.95, Recall = 0.79, F1 = 0.87

Key insights from the employees’ performance dataset:

Vol. 17, No. 3, 2026

Confusion Matrix

1400

z 27 14
3
1200
H
S o 6 - 1000
-
=
3 - 800
£
¥
=
T 156 5 619 49 - 600
¥
=
- 400
5 - 2 290 49 - 200
£
i i : -0
Low Med-Low Med-High High

Predicted

Fig. 4. Confusion matrices of the Employees’ performance dataset.

e  Principal component analysis (PCA)-based models in
this dataset performed worse than the initial model
since important features may have been lost during
dimensionality reduction.

e Reducing the number of layers resulted in small
improvements over the initial model, but the effect
is limited compared to regularization and dropout.

e  Opverall, the results indicate that feature selection and
model regularization are more useful for this dataset
compared to dimensionality reduction or feature aug-
mentation techniques.

D. Comparative Summary

We compared the experiment’s outcomes across three
datasets using the same methods. This comparative analysis
helped reveal dataset-specific behaviors and find trends in
technique performance. Table II shows a summary of results.

The comparison focuses on neural network-based tech-
niques, serving as a methodological reference point for eval-
vating the usefulness of the proposed ANN model despite
variances in application areas and network topologies. Table III
compares our results with those of previous studies.

VI. DISCUSSION
The baseline ANN results yield the following observations:

The HR metrics and Analytics dataset has the highest
baseline accuracy and indicates strong predictive signals and
a well-calibrated model. In contrast, the INX dataset is the
most challenging dataset, as indicated by the lower baseline
accuracy. The Employees’ performance dataset is of moderate
complexity and moderate baseline accuracy. The baseline is
the measure of improvement. The HR metrics and Analytics
dataset begins close to its ideal point, with little room for
improvement. On the other hand, the INX dataset and the
Employees’ performance dataset provide a bigger scope for
improvement.
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TABLE II. EXPERIMENT CONFIGURATIONS AND ACCURACY RESULTS

Experiment Configuration HR metrics and analytics INX dataset Employees’ performance
dataset Accuracy Accuracy dataset Accuracy
Initial ANN 93.62% 81.11% 86.57%
Data Preprocessing
(Ff(f‘fvurgos::g‘f:) 96.81% 83.89% 87.85%
Feature Extraction
(Addition/Multiplication) 95.74% 81.94% 86.39%
PCA 88.30% 79.72% 83.72%
Parameter Tuning
Reduced Layers [ 94.68% [ 82.78% [ 87.29%
Regularization and Dropout [ 96.81% [ 85.28% [ 88.16%
Data preprocessing and parameter tuning
Feature selection reduceq layers 96.81% 83.89% 87.85%
regularization and dropout 95.74% 81.94% 86.39%
Feature extraction reduceq la}/ers 95.74% 81.94% 86.39%
regularization and dropout 95.74% 81.94% 86.39%
PCA reduced layers 86.17% 79.17% 86.05%
regularization and dropout 86.17% 79.17% 86.05%

TABLE III. RELATED WORK COMPARISON

Related work
comparison

Method

Results

Our proposed work

We develop several neural
network models that involve
preprocessing steps for the data
and fine-tuning their
hyperparameters

Our accuracy is
90.08%, the average
of the
best-performing
configurations
obtained for each
dataset

Study [14] Predict They developed a neural 84.8%
students’ academic network model with 11 input
performance variables, 2 hidden layers, and
1 output layer
Study [15] Forecast | They created an artificial neural | 84.6%
sophomores’ network model based on the
performance multilayer perceptron topology
Study [16] predict They developed an artificial 93.81%

students’ academic
performance

neural network model

Study [18] predict
students’ academic
performance

They applied several data
mining classification methods

The ANN model
achieved the best
accuracy of 79%

Study [19] predict
students’ academic

They examined multiple
machine learning techniques

The ANN model
achieved the best

performance accuracy of 77.04%
Study [21] They compared and The Feedforward
proposed a implemented multiple machine Neural Network

thorough method
for forecasting
employee attrition

learning, ensemble, and deep
learning approaches

(FNN) achieved an
accuracy of 83.93%

The feature selection applied to both the initial model
and the model with a reduced number of layers leads to the
following observations:

In both configurations, the model outperforms the baseline

across all datasets (+3.19%, +2.78% and +1.28%, respec-
tively). Moreover, it achieves the highest performance on the
HR metrics and Analytics dataset, suggesting that removing
low-correlation features helps the model to focus on the most
informative features, especially in this dataset.

The feature selection applied to the model incorporating
regularization and dropout results in the following observa-
tions:

The model performs better than the baseline on the HR
metrics and analytics dataset and the INX dataset (+2.11%
and +0.83%, respectively). However, in the Employees’ per-
formance dataset, a decrease in performance of -0.18% is

observed. This slight decline raises the possibility of an
over-regularization impact, which could restrict the model’s
applicability to this dataset.

Observations from results of feature extraction (addi-
tion/multiplication) applied to the initial model, the reduced-
layer model, and the model that includes regularization and
dropout:

The feature extraction shows consistent performance across
the different model configurations and achieves results com-
parable to feature selection combined with the regularization
and dropout, despite the difference in the methodology.

The principal component analysis (PCA) applied to the
initial model provides the following observations:

PCA results in lower accuracy compared to the baseline
across all datasets by (-5.32%, -1.39%, and -2.85%) respec-
tively). The HR metrics and analytics dataset shows the largest
performance loss. Thus, PCA ranks as the overall weakest
technique for the evaluated datasets. One possible explanation
for PCA’s reduced performance is that it prioritizes variance
preservation over class discrimination. As a result, principal
components may retain high-variance information that is not
necessarily relevant for distinguishing between performance
categories. Consequently, some discriminative features may be
suppressed during dimensionality reduction.

The principal component analysis (PCA) applied to the
model with a reduced number of layers and to the model
incorporating regularization and dropout yielded the following
observations:

Compared to the baseline model, accuracy decreased for all
of the datasets analyzed. The HR Metrics and analytics dataset
showed the greatest decrease (-7.45%), followed by the INX
dataset (-1.94%), while the Employees’ Performance dataset
showed only a slight decrease (-0.52%). These results suggest
that PCA may have eliminated some relevant discriminative
information despite the use of architectural simplification and
reduction of overfitting, and therefore failed to improve the
classification performance.

The reduced number of layers yielded the following obser-
vations:
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Results show improvement compared to the baseline across
all the datasets (+1.06%, +1.67%, and +0.72%, respectively).
This outcome suggests that a simpler architecture may facili-
tate better generalization, possibly by mitigating overfitting.

The regularization and dropout yielded the following ob-
servations:

The approach outperformed the baseline across all datasets
(+3.19%, +4.17%, and +1.59%, respectively). The most signif-
icant improvement was attained in the INX dataset, followed
by the HR Metrics and Analytics dataset. These results suggest
that regularization and dropout helped reduce overfitting and
improve generalization as well as overall classification capa-
bilities of the model.

The overall findings across all datasets reveal several con-
sistent patterns. PCA-based dimensionality reduction resulted
in lower classification accuracy, suggesting that some discrim-
inative information was lost. In contrast, all datasets demon-
strated consistent performance improvements when regulariza-
tion and dropout were applied, highlighting their effectiveness
in mitigating overfitting and promoting stronger generalization.
Furthermore, feature selection consistently outperformed fea-
ture extraction and remained stable across multiple parameter
settings, demonstrating its robustness and suitability for the
classification tasks under investigation. Overall, the optimal
configuration appears to depend on the inherent characteristics
of each dataset rather than on a universally superior technique,
as factors such as dimensionality, data complexity, feature
interactions, and noise levels influence the effectiveness of a
given approach.

Several previous studies have demonstrated the strong
performance of tree-based models, such as Random Forest
and Gradient Boosting, in HR analytics. However, the present
study focuses on investigating how preprocessing strategies
and architectural optimization influence ANN-based models.

A bar chart in Fig. 5 illustrates accuracy across all datasets
and highlights overall performance trends.

Accuracy Comparison Across Datasets

Experiment Configuration

Fig. 5. Comparing accuracies across datasets.

VII. CONCLUSION AND FUTURE WORK

This study demonstrated the effectiveness of artificial neu-
ral networks in predicting employee performance by system-
atically evaluating preprocessing techniques and model opti-
mization strategies across three independent HR datasets. The
results indicate that dropout and regularization consistently
improved generalization performance, especially for datasets
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prone to overfitting. Feature selection also yielded stable
performance gains, highlighting the importance of eliminating
low-correlation features. On the other hand, predictive accu-
racy consistently decreased with PCA-based dimensionality re-
duction, suggesting a potential loss of discriminative informa-
tion in the transformed feature space. Moderate improvements
were achieved by simplifying the architecture through layer
reduction, underscoring the importance of balancing model
complexity with dataset characteristics. Across the assessed
datasets, the top-performing configurations achieved accura-
cies ranging from 81% to 96%. The use of diverse datasets
enhances the robustness of the findings and provides practical
guidance for ANN-based predictive modeling in HR analytics.
The results of this study can help data analysts and HR
specialists select effective neural network configurations and
preprocessing techniques for employee performance prediction
systems. Specifically, organizations can prioritize feature selec-
tion, architectural simplification, and regularization strategies
to improve model generalization and ensure robust predictive
performance across different HR datasets. These insights en-
able the development of more reliable data-driven decision-
support systems for workforce management and performance
evaluation.

Although the results are encouraging, this study has some
limitations. A single train-test split was used, and hyperparam-
eter tuning was performed within predefined limits. Moreover,
methods for mitigating class imbalance were not thoroughly in-
vestigated. Addressing these limitations could further improve
model generalizability and robustness.

A. Future Work

Future work may extend this study in several directions.
First, a more comprehensive hyperparameter search that ac-
counts for differences in network architectures, regulariza-
tion strengths, dropout rates, batch sizes, and learning rates
may further improve prediction performance across datasets.
Second, other deep learning architectures could be explored
to compare their performance in HR analytics applications.
Third, k-fold cross-validation would provide more reliable per-
formance estimates across different data splits. Furthermore,
advanced imbalance mitigation strategies, such as SMOTE and
weighted loss functions, could be explored to address potential
class imbalance issues. Lastly, deeper insights into the most
significant variables in each dataset could be obtained through
feature importance analysis using techniques such as SHAP or
permutation-based methods.
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