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Abstract—Employee performance prediction is among the most significant undertakings within dynamic business environment to
enable the organization to optimize the management of its human resources and improve its productivity. This paper presents an
Extreme Gradient Boosting (XGBoost)-based predictive model on the Kaggle Human Resource dataset, which includes 35 variables
in 1,470 participants. Data pretreatment procedures contain handling of outliers, missing, or negative values, one-hot encoding of
categorical data, normalization to minmax, and feature selection using Principal Component Analysis (PCA). The data was split
into two sets: training and testing, after the Synthetic Minority Oversampling Technique (SMOTE) was used to fix the problem of
class imbalance. They used standard performance metrics including F1-score, recall, accuracy, precision, and ROC-AUC to train
and evaluate the proposed XGBoost model. With an F1-score of 98.66, an accuracy of 97.87, and a precision and recall of 99.9%,
the model achieved impressive results in the testing. This means it can outperform other predictive models. These results indicate the
strength, scalability, and reliability of the suggested strategy in predicting employee performance, and providing meaningful
actionable data to support data-driven human resource planning and organizational development.
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Performance Optimization.

I. INTRODUCTION

In recent years, companies have started to recognize the
importance of the human resources (HR) field in business
growth and viability. Employee management begins with the
good selection of the potential employees to fit the positions
of the organization and further development of their talents
after selection to fit the demands of the organization and
finally evaluation of their performances [1][2]. This kind of
appraisal is the basis of better working environment; increase
in pay or performance-based bonuses all this help in
motivating the employees and this helps the organization to
grow. Therefore, employee performance is now a critical
outcome [3] to be measured and predicted to guarantee
productivity and sustainable success of any organization [4].

Digital transformation has turned the employee
performance management process into a highly sophisticated
and data-intensive one. The current IT tools cannot be viewed
as sufficient to collect and process such a massive amount of
information generated by various sources anymore [5]. Some
of the strategic advantages of deploying big data solutions in
HR management practices are enhanced talent identification
and retention, enhanced understanding of poor performers,
modelling the performance of candidates during the
recruitment process and optimal allocation of HR investments
[6]. The developments enable companies to build high-
performance teams and increase competitive positioning.

In particular, the ever-increasing uncertainty and
dynamism of the modern business environment brought forth
by the forces of globalization, technological upheavals,
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changes in the workforce and the rapidly changing customer
needs and demands demand nimble methods of human
resource management. Such dynamic environments require
that organizations can not only monitor the performance, but
also, to stay on top of the competition, predict and optimize
the performance in real time. ML and Al became the new
disruptive technologies and created new opportunities to
examine large volumes of data and evidence-based decision-
making. Al and ML companies can enhance their productivity
and optimize the recruitment, development, and retention
process and enhance the overall performance of the business
[71[8][9]. Moreover, Al-based automation similarly not only
enables efficient production of high-quality output, but also
provides actionable information to the manager, thereby
facilitating strategic decision making, enhancing employee
retention, and helping to acquire and keep customers and
satisfy them.

A. Motivation and Contribution

Employee performance is one of the most significant
determinants of organizational success especially in the
present competitive and dynamic business environment.
Traditional methods of evaluation are largely subjective and
fail to capture the complexity of behavioral/organizational
patterns, which influence performance. To address such
failures, there is an increasingly growing call to implement
data-driven, automated systems that are fair, accurate and
transparent. Machine learning provides an opportunity to
process information regarding employees in an effective way,
identify various trends, and make predictions relying on that
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information with the highest level of accuracy. With the
assistance of such strategies, organizations may identify
performance gaps, implement certain interventions, and
enhance productivity among people working in the
organization. Thus, the study aims to create effective ML
frameworks that can enhance the performance management of
employees and aid in decision-making processes. Enhancing
Employee Performance is an existing area of study that this
study contributes to in multiple ways:

e Toobtain abroad and diversified base of analysis, used
the Kaggle Human Resource dataset in which 35
variables were known to exist in 1,470 employees.

e Feature selection using principal component analysis
(PCA), handling missing variables, encoding,
normalization, and outlier removal were all part of the
thorough preparation methods conducted.

e Used SMOTE to level the playing field for all
employee classes, guaranteeing objective model
performance.

e The XGBoost model was used to obtain excellent
accuracy, resilience, and generalizability.

o Validation of the model's performance was assured by
using several measures for evaluation, such as recall,
accuracy, precision, F1-score, and ROC curves.

B. Justification and Novelty

The increasing demand for smart, data-driven alternatives
to the subjective, inconsistent, and frequently ill-equipped
traditional methods of evaluating employee performance
provides the impetus for this research. Results show that
performance prediction is more accurate, fair, and transparent
when using advanced machine learning approaches such
feature selection, data pre-processing, and balancing
algorithms. The novelty of this work stems from the
integration of multiple pre-processing strategies with the
Extreme Gradient Boosting (XGBoost) model, which not only
enhances prediction robustness but also addresses class
imbalance and feature redundancy effectively. Unlike
conventional approaches, the proposed framework leverages
real HR datasets to provide actionable insights for decision-
makers, enabling timely interventions, improved workforce
management, and sustainable organizational growth.

C. Structure of the Paper

The paper structured in the following way: Examining the
current literature on Employee Performance is covered in
Section Il. Explanation of the dataset and methods for pre-
processing are part of Section 111, which lays out the suggested
methodology. What follows is a discussion of the
experimental results detailed in Section IV. Section V wraps
up the study and discusses potential directions for further
research.

Il. LITERATURE REVIEW

The development of this work has been guided and
strengthened by a review and analysis of several important
research studies on improving employee performance.

Vasuki et al. (2025) present an employee attrition
prediction and employee layoff prediction system, a Machine
Learning-based system inspired by historical HR data,
designed to predict which employees are at increased risk of
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voluntary departure or layoff in the future. The system uses
employee records, including demographic information, job
performance, remuneration, attendance and satisfaction rates
to produce predictive models. LR, RF, DT, and SVM are also
used to classify employees based on their risk of attrition or
likelihood of being laid off [10].

Krishna et al. (2025) there are problems of bias, and the
performance, and even methodologies, is obsolete. In Al-
powered solutions, all the issues mentioned above are
addressed by enhancing the natural objectivity of thought. The
real-time power of the insight; the ability to make predictions.
Supervised and unsupervised learning can be used to improve
employee assessment methods as well and reinforcement
learning assists in improvement of self-development plans. In
this analysis, the best results are obtained with Random Forest
and XGBoost models, which are more predictive [11].

Prakash et al. (2024) the model uses the IBM HR
Analytics data that concentrates on staff behavior and
assessment records, to record performance. Techniques
employed in the present case study are Principal Component
Analysis to extract features and XGBoost and LR to model.
The proposed model achieved an accuracy of 90.5, 89.2
precision and AUC of 0.92, which is higher than the normal
models. In addition, the system examined the various
employees and classified them as high-risk employees at a
certain level of 87.5% [12].

Al-Alawi and Albuainain (2024) present a synopsis of the
HRMS's use of ML applications. Bringing unbalanced data
into balance is critical for enhancing system performance.
This study used normalisation approaches and the SMOTE to
classify promotions in order to address this particular issue.
Research on human resources was based on data collected
from Kaggle (Kaggle.com/datasets). Researchers compared
their results to another study that used DT and PCA to
categorise promotions. Using the RFC in conjunction with the
SMOTE yields 99% accurate results [13].

Nadaf et al. (2024) attempt to address these challenges by
providing a novel solution that relies on the Isolation Forest
model to detect anomalies in data on employee behavior and
performance. The proposed solution is expected to accurately
identify signs of burnout and engagement problems by
detecting an abnormal pattern in the data, which serves as a
valuable instrument in a timely manner. Comparative research
shows that the Isolation Forest model beats all existing models
including the RF and XGBoost with significantly better
measures. A 0.965 F1-score, 0.99 ROC-AUC, 0.97 precision,
and 0.96 recall round out the model's impressive accuracy of
0.98 [14].

Ahmed et al. (2023), using the KNN algorithm as the
predictive model, investigate the aspect of employee
performance prediction in organizational setups. Comparisons
with similar methods, such as DT, LR, and the KNN
algorithm, allow for a broader evaluation. The dataset is
carefully split 70-30 between training and testing, and the
accuracy is admirable at 97.32% [15].

Table | provides an overview of the recent research on the
improvement of employee performance, including new
models, datasets, important findings, and limitations as well
as the future work
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TABLE I. COMPARATIVE ANALYSIS STUDY ON ENHANCING EMPLOYEE PERFORMANCE USING MACHINE LEARNING
Author Proposed Work Dataset Key Findings Limitations/Future Work
Vasuki et al. | Prediction of Employee Attrition | Historical HR data including | Predicts voluntary attrition and | Limited generalization; needs
(2025) and Layoffs using ML with RF, | demographics, performance, | layoff risk by categorizing | integration with real-time HR
DT, and SVM compensation,  attendance, | employees into risk groups systems
and satisfaction
Krishna et al. | Employee  assessment using | Kaggle Highlighted issues: bias, poor | Methods lacked objectivity
(2025) traditional methodologies (bias- performance, and dated | and real-time  predictive
prone and outdated approaches) methodologies capabilities
Prakash et al. | Al model integrating ML with | IBM HR Analytics dataset Accuracy: 90.5%, Precision: | Needs larger and more
(2024) corporate culture measures using 89.2%, AUC: 0.92; Identified | complex datasets; model
PCA, XGBoost, and Logistic high-risk  employees  with | suitability for diverse contexts
Regression 87.5% accuracy
Al-Alawi & | Promotion classification using | HR datasets from Kaggle Achieved 99% accuracy with | Focused only on promotion
Albuainain, SMOTE + Normalization with Random Forest + SMOTE classification; limited
(2024) RFC exploration of attrition/layoff
Nadaf et al. | Burnout and engagement | Employee  behavior & | Superseded RF and XGBoost | Requires validation across
(2024) detection using Isolation Forest | performance data with  0.98 accuracy, 0.97 | industries; real-time
anomaly detection precision, 0.96 recall, 0.965 F1, | monitoring integration needed
and 0.99 area under the curve
Ahmed et al. | Employee performance prediction | Organizational performance | Accuracy: 97.32% with KNN; | Dataset limited in diversity;
(2023) using k-NN (compared with DT | data (work hours, tenure, | effective in anticipating | expansion needed for more

and Logistic Regression)

performance metrics)

performance variations generalizable results

I1l. RESEARCH METHODOLOGY

The methodology starts with the data collection of the
Kaggle Human Resource dataset consisting of 35 variables
among 1,470 employees. Data pre-processing was carried out
through multiple steps, including handling missing and
negative values, removing outliers, applying one-hot encoding
for categorical features, and normalization. In order to rectify
the class imbalance, SMOTE was employed to create
synthetic samples for minority classes, while PCA was
utilised to further denoise the dataset. The dataset was then
split in half, with half going into training and half into testing.
Forecast precision and generalizability were both enhanced by
using the proposed XGBoost model on the processed data.
The model's accuracy, recall, precision, F1-score, and ROC
curves were looked at to make sure that it improved employee
performance. Figure 1 shows how the whole process works.

Data collection |

HR Data dataset
by Kaggle

Data Encoding using
One-Hot Encoding

1}

Data Normalization

Data pre-processina

Handling missing and negative
values

Remove Outliers Data Balancing using

SMOTE

Data Splitting

Implement Extreme Gradient
Boosting (XGBoost) Model

Results

Fig. 1. Proposed Flowchart for Enhancing Employee Performance
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The following is a comprehensive breakdown of the
suggested flowchart for improving staff performance in ever-
changing business environments.

A. Data Collection

This research makes use of the HR Dataset that can be
found in the Kaggle database. A total of 1,470 employees
filled out the 35 variables. This CSV is based on an imaginary
company. A person's name, date of birth, marital status,
gender, department, cause for termination, status (active or
terminated), job title, wage rate, manager's name, and
performance rating are among the pieces of information
collected. Here you can see some data visualizations like bar
plots and heatmaps that were created to look at things like
attack distribution and feature correlations:

Exceeds:
T Fully Meet
Needs u7ys 1e°; &
Improvement: =870
PIP:
4.2%

Fig. 2. Unique Categories in Performance Score

Figure 2 The pie chart illustrates the distribution of
employee performance scores across four categories. The
majority of employees, 78.1%, fall into the Fully Meets
category, indicating that most employees are performing
satisfactorily according to expectations. A smaller portion,
11.9%, is rated as Exceeds, showcasing those who surpass
performance standards. Meanwhile, 5.8% are categorized as
Needs Improvement, highlighting employees requiring
development and support, and the remaining 4.2% fall under
PIP (Performance Improvement Plan), representing those in
critical need of performance intervention. Overall, the chart
reflects a predominantly positive performance trend with a
smaller segment needing improvement.
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Visualizing Important Features

Fig. 3. The Most Important Features

Figure 3 shows the feature importance visualization,
which helps to understand how various variables contribute to
the prediction of employee attrition. The most essential
determinants are, without a doubt, age, marital status,
employment level, amount of stock options, monthly income,
level of job happiness, and level of job participation.
However, total working years, job level, and total working
years also affect attrition patterns. Features such as Business
Travel, Overtime, and Performance Rating, on the other hand,
appear to be of lesser significance, indicating that they do not
significantly impact the forecast. This ranking helps identify
which factors have the strongest impact on employee retention
and can guide organizations in focusing their HR strategies on
the most critical attributes.

B. Data Pre-Processing

Data pre-processing is a crucial part of data mining since
it manipulates or removes data before it is utilised to guarantee
or enhance performance. It is necessary to label data as part of
the data pre-processing phase while developing machine
learning models. Regularisation, principal component
analysis, and outlier detection streamline the dataset
preparation for ML model training. The following are the pre-
processing steps:

¢ Handling missing and negative values: Both missing
and negative values were systematically addressed to
ensure the dataset's integrity and reliability.

¢ Remove Outliers: Outlier removal is the process of
identifying and discarding data points that
significantly deviate from the main pattern of a dataset,
which can negatively impact statistical analyses and
machine learning models.

C. Data Encoding using One-Hot Encoding

Categorical features, which are groups of values rather
than numbers, are present in the dataset. The usage of
categorical features in ML algorithms is time-consuming.
Businesses, departments, educational backgrounds, genders,
job functions, marital status, and time periods are just a few of
the many categorical variables found in the first data set [16].
Numeric values should be assigned to this kind of feature.
Used "one-hot encoding" to transform them, which involves
assigning a "one-hot binary vector" to each value. For
instance, the Business travel feature can be mapped to 1 for
rarely travelling, O for frequently travelling, and 1 for not
travelling.

D. Data Normalization

The records were normalized using the min-max
technique, which limits values to a range of 0 to 1. The goal
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in doing this was to make the classifiers work better and lessen
the impact of extreme cases. The following mathematical
formula was used to undertake the normalization process:
Equation (1):

X— Xmin

X'= (€]

Xmax—Xmin
Where X is the initial feature value, X' is its normalized
value, X, 1s its lowest value, and X4, It’s at its highest.

E. Feature Selection using PCA

The feature selection process is an integral part of machine
learning. It entails reducing a large variety of attributes to a
more manageable set of characteristic input variables.
Removes unnecessary or extraneous features from the model
in order to improve speed, lower computing costs, and make
the model easier to understand. By using Principal Component
Analysis (PCA) to find important underlying patterns and
differences in data, feature selection includes choosing
relevant original features instead of using the extracted
principal components as new features.

F. Data Balancing using SMOTE

Data balancing techniques fix the issue of unequal class
distributions, which could cause under-representation of
minority classes and overlearning of the majority, both of
which have a detrimental impact on classification accuracy.
The SMOTE algorithm creates new instances of the minority
class by comparing them to existing instances and utilizing
interpolation. Utilizing a more evenly spread set of classes
makes it easier to train strong, fair machine learning models
with this method.

G. Data Splitting

Two distinct sections are used to separate the training and
testing components of the dataset. The data tested with 20%,
and the rest 80% operated with training.

H. Proposed Extreme Gradient Boosting (XGBoost) Model

XGBoost is a DT-based ensemble learning technique for
prediction. It is capable of solving regression, involves loss
reduction that meets the variance between the target value
estimated and the observed target value [17]. The XGBoost
regression mathematical model could be summarized as
follows Equation (2):

y=fk) O]

A property's anticipated price (y), an input feature (square
footage, beds, etc.), and the XGBoost model (f(x)) that uses x
to forecast y are all part of this equation. XGBoost would
necessitate building a cluster of decision trees in order to
minimize the mean squared error (MSE) loss function in order
to calculate f(x). As a last step, the model incorporates the
output from all of the decision trees into its forecast. The
overall shape of the XGBoost regression model may be
represented in the following form Equation (3):

y=2x(k=1toK) fi(x) ®)

where K is the number of DT in the ensemble and f; (x) is
the forecast of the kth DT. A weighted average of the values
learnt during training for each leaf node in the tree is used to
determine the prediction value [18]. All of the ensemble
decision trees' predictions are averaged to get the XGBoost
model's forecast for a specific input x.
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I. Evaluation Metrics

Several performance metrics were used to investigate how
well the suggested architecture worked. There was a
comparison between the actual values and the projected
results of the trained models. This study helped find TP, FP,
TN, and FN. The TP is the number of times that the model
correctly predicts a positive class. The TN is the frequency
with which the model correctly identified the negative class.
This is when the model gets a positive class wrong, and this is
called a FP. This is when it gets a negative class wrong, and
this is called an FN. This matrix shows memory, accuracy,
precision, and F1-score. They will look at it below:

1) Accuracy

The ratio of occurrences in the dataset (input samples) that
the trained model accurately predicted as a percentage of all
instances in the dataset. The expression is Equation (4):

TP+TN
TP+Fp+TN+FN

Accuracy = 4)
2) Precision
The number of accurately predicted positive cases divided
by the total number of positive examples shows how accurate
a model's predictions are. Precision displays. Equation (5)
shows how good the classifier is at predicting the positive
classes:
TP

TP+FP

©)

Precision =

3) Recall
This metric shows how accurate positive event predictions
are as a share of all the times they should have been positive.
It can be expressed mathematically as Equation (6):
TP
TP+FN

Recall = (6)
4) F1score

It's the harmonic mean of both precision and memory,
which means it helps to keep precision and recall in balance.
Its range is [0, 1]. Mathematically, it is given as Equation (7):

F1 — score = 2 X PreCl:SL:oanecall (7)
Precision+Recall
5) Receiver Operating Characteristic Curve (ROC)

The ROC plots, for a set of decision cut-off points, the
ratio of successfully categorised cases to those that were
wrongly classified. FPR is equal to 1-specificity, but TPR is
often called sensitivity or recall.

IVV. RESULTS AND DISCUSSION

Testing and training results for the suggested model are
detailed in this section, along with the experimental setup.
Google Colab-integrated machine learning models used
NumPy, pandas, matplotlib, scikit-learn, and seaborn, among
other Python libraries. System requirements for efficient and
accurate forecasting include a 1 TB hard drive, 32 GB of
RAM, an Intel Core i7 CPU, Windows 10, and a 24 GB Nvidia
GPU. In Table Il the experimental results of the proposed
XGBoost model on the HR dataset clearly demonstrate its
superior performance in predicting employee performance.
The model achieved an outstanding accuracy of 97.87%,
precision and recall values, both at 99.9%, F1-score of 98.66.
These results establish XGBoost as a highly robust and
efficient model for enhancing employee performance analysis
in dynamic business environments.
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TABLE Il EXPERIMENT RESULTS OF XGBOOST MODELS FOR
ENHANCING EMPLOYEE PERFORMANCE ON THE HR DATASET
Performance matrix XGBoost Model
Accuracy 97.87
Precision 99.9
Recall 99.9
Fl1-score 98.66

Confusion Matrix

Truth

o
Predicted

Fig. 4. Confusion Matrix for XGBoost

Figure 4 The confusion matrix displays the XGBoost
model's performance on the HR dataset. With 18 cases
correctly labelled as class 0 and 74 cases correctly labelled as
class 1, the model's remarkable prediction accuracy shone
through. The exact number of misclassifications was 2, with
two instances of class 1 cases being wrongly labelled as class
0 and no cases being labelled as class 0. This also reveals that
the model is very effective and both classes have very good
precision as well as recall, which means that the model has a
very good potential to reduce the number of errors and make
accurate predictions.

ROC Curwve of XGBoost Model

True Positive Rate

0.0 | —— ®GBcoost LAUC — 97.8%)

o0 0.3 G.a o6 o.8 1.0
False Positive Rote

Fig. 5. ROC Curve of the XGBoost Model

The XGBoost model's ROC curve (Figure 5) illustrates the
trade-off between sensitivity and FPR for different threshold
values. With an AUC of 97.8%, the model clearly separates
positive from negative data. Firstly, the high AUC score of the
XGBoost model means that this model is reliable and robust
in classification, thus it is best suited to predictive data.

A. Comparative Analysis

Using precision, accuracy, recall, and Fl-score as
evaluation criteria, Table 11l compares the performance of
several predictive models in enhancing employee
performance. Among the models tested, the KNN model
performed the worst with scores of 82 for F1-score, precision,
accuracy, and recall, in that order. The LGBM received a
significant boost with 92.38% recall, 91.51% F1-score, and
90.65% precision (a recall metric of 92.38% and a precision
metric of 90.65 represent balanced predictive performance).
ET model also assisted in enhancing the performance with an
accuracy of 92.3%, precision of 92.8%, recall and F1-score of
92.4%, which was quite high and remained the same across all
the measures. The most successful was the XGBoost model
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that has an astonishing accuracy of 97.87%, amazingly high
precision and recall of 99.9% each, and nearly perfect F1-
score of 98.66%, so this is the most reliable and effective
model to predict employee performance.

TABLE Il COMPARISON PERFORMANCE OF DIFFERENT PREDICTIVE
MODELS OF ENHANCING EMPLOYEE PERFORMANCE
Models Accuracy | Precision Recall F1-Score
KNNJ[19] 86 86 86 82
LGBMJ20] 91.25 90.65 92.38 91.51
ET[21] 92.3 92.8 92.3 92.4
XGBoost 97.87 99.9 99.9 98.66

The proposed results show that the XGBoost model is
better in terms of performance, precision, accuracy, recall, and
F1-score, so it can be used to predict how well employees will
do on the job. The fact that it can effectively manage high-
dimensional data, regularize to prevent over-training, and
understand non-linear relationships between characteristics
makes it a trustworthy predictor. Their outcomes may provide
organizations with valuable insights into variables used to
influence employee performance to guide evidence-based
retention and productivity practices.

V. CONCLUSION AND FUTURE STUDY

Employee performance measurement is a significant
subset of organizational management, which is concerned
with the measurement and improvement of employee
productivity, efficiency and effectiveness. With the
advancement of technology, machine learning (ML) is a
prominent tool to enhance the process of measuring and
managing employee performance in organizations. It is
evident in the comparison of accuracy of different predictive
models to enhance employee performance that the XGBoost
model is a more effective one since its accuracy is the highest
at 97.87. It demonstrates that XGBoost is the most effective to
describe the complicated relationship between features, the
structure of HR data, and hence is the most confident model
to predict employee performance in dynamic business cases.
The results show that higher-order ensemble learning
algorithms such as XGBoost, are more predictive than
conventional machine learning models and therefore can be
applicable in decision-making and performance management
within organizations.

A number of issues can be the focus of future research. An
increase in the variety and quantity of samples could
strengthen and broaden the applicability of the model.
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