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Abstract

Recommending appropriate employee salaries is important for supporting employee performance
and data-driven managerial decisions. This study develops a hybrid machine learning model to recommend
employee salaries and identify influential factors affecting monthly income. The dataset was obtained from
Kaggle and consisted of 1,029 employee records with 34 variables covering company, personal, and
demographic characteristics. Data preprocessing included categorical encoding, missing-value handling,
duplicate checking, and outlier removal using the Interquartile Range method. The proposed approach
combines Particle Swarm Optimization for variable optimization with an AdaBoost Regressor selected
through TPOT Regression. Model performance was evaluated using R-Square and Mean Absolute
Percentage Error. The PSO-AdaBoost Regressor achieved an R-Square value of 0.88 and a MAPE value
of 0.22. Feature importance analysis identified Job Level as the most influential feature, with a score of

0.97156. The results were implemented in a Django-based web application.
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1. INTRODUCTION

The development of digital technology in the
Industry 4.0 era has encouraged organizations to
adopt data-driven decision-making in various
managerial activities, including human resource
management [1], [2], [3], [4], [5]. One important
aspect of human resource management is
employee compensation. Salary is closely related
to employee welfare, motivation, productivity,
and organizational performance [6], [7].
Therefore, determining an appropriate salary is
an important managerial decision. However,
salary recommendation is not a simple process
because it involves various factors, such as
employee age, job position, work experience, job
level, education, and other organizational
attributes.

In practice, many companies still face
challenges in determining salary
recommendations objectively. Salary decisions
that are not supported by data-driven analysis
may lead to inconsistency between employee
characteristics and compensation levels. This
condition can affect employee satisfaction and
performance. Therefore, a predictive model is
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needed to assist companies in analyzing
employee-related factors and generating salary
recommendations based on available data.

Previous research has modeled
employee salary prediction using several factors,
including age, employee position, length of
service, work experience, and salary. These
factors were examined using the Spearman
correlation approach, and the prediction model
was developed using multivariate linear
regression [8]. The prediction results were also
visualized in real time using a Django-based web
application. However, the previous model still
had limitations. The dataset contained outliers,
which reduced model performance and affected
prediction accuracy [9], [10]. In addition, linear
regression has limitations in capturing complex
and non-linear relationships among employee
attributes. These limitations indicate the need for
a more robust prediction approach.

To address these problems, this study
proposes a hybrid approach that combines
Particle Swarm Optimization (PSO) and
AdaBoost Regression. A hybrid approach
integrates different computational methods to
improve model performance and optimization
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capability [11], [12]. PSO is used to optimize
influential variables because it is an adaptive
stochastic metaheuristic optimization algorithm
that can search for optimal solutions in complex
data spaces [13], [14], [15]. Meanwhile,
AdaBoost Regression is used as the prediction
model because it can improve predictive
performance by combining multiple weak
learners into a stronger model. In this study,
TPOT Regression is also used to select the most
suitable regression pipeline for the dataset.

The proposed PSO-AdaBoost

Regression model is expected to improve
employee salary prediction by optimizing
relevant variables and producing more reliable
prediction results. The model performance is
evaluated using R-Square and Mean Absolute
Percentage Error (MAPE). A good regression
model is indicated by an R-Square value close to
1, while MAPE values should be close to 0 [16],
[17], [18]. In addition, feature importance
analysis is used to identify the most influential
factors affecting monthly income.
The contributions of this study are as follows.
First, this study proposes a hybrid PSO-
AdaBoost Regression approach for employee
salary prediction and recommendation. Second,
this study evaluates the proposed model using
standard regression evaluation metrics, namely
R-Square and MAPE. Third, this study identifies
influential salary-related factors using feature
importance analysis. Fourth, this study
implements the prediction results into a web-
based application using the Django framework to
support salary recommendation and data
visualization.

2. METHOD

Figure 1 shows the research
methodology used in this study.

Deployment (4)

Sekor Sekctor
Peruszhaan Dem ografi
Sektor

Personal

Figure 1. Research Method

Terakreditasi SINTA 5

p-ISSN :1858-3911 , e-ISSN : 2614-5405
https://journal.fkom.uniku.ac.id/ilkom

To build a hybrid machine learning
model for predicting employee salaries, the
following stages were conducted.

1) Literature review: relevant studies related
to salary prediction, machine learning
regression, feature optimization, and
hybrid machine learning approaches were
collected and reviewed.

2) Data collection, using an employee
dataset obtained from Kaggle. The dataset
consisted of 1,029 records and 34
variables  grouped into  corporate,
personal, and demographic attributes. The
target variable in this study is Monthly
Income.

3) Data preprocessing, including categorical
data encoding, missing value handling,
duplicate checking, and outlier removal
using the Interquartile Range (IQR)
method. After preprocessing, the dataset
was divided into training and testing sets
using an 80:20 train-test split. To avoid
data leakage, feature optimization and
model selection were conducted only on
the training data, while the testing data
was used only for final evaluation.

4) Modeling and evaluation consisted of
feature optimization, model selection, and
model performance evaluation.

a. Feature optimization and model
selection were conducted using PSO
and TPOT Regression. PSO was used
to identify the most relevant variables
for predicting Monthly Income, with
the fitness function based on
prediction error, where a lower error
value indicated a better feature
subset. After the optimization
process, TPOT Regression was
applied to select the best regression
pipeline using 5 generations and a
population size of 20. The selected
model was AdaBoost Regressor with
n_estimators = 100, learning_rate =
0.001, and loss = exponential.

b. Model evaluation using R-Square
and Mean Absolute Percentage Error
(MAPE) to measure the predictive
performance of the proposed PSO—
AdaBoost Regression model.

5) Web-based implementation,
implementing the hybrid method into a
web-based application using the Django
framework to generate salary
recommendations and visualize the
prediction results
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To complete the research method in
accordance with the steps above, several
methods are needed, as described below.

2.1. Interquartile Range (IQR)

The IQR method provides a
visualization of outlier distribution using box
plots. This makes it easier to see data that falls
within the quartile range [19]. Mathematically,
IQR can be written as equation 1.

IQR=Q3 - Q1 (1)

To determine outliers, it is necessary to
define the range or limits of the data. Data that
falls outside these limits is referred to as an
outlier. For the IQR method, this consists of the
upper limit (Q3) and lower limit (Q1). Data that
is smaller than Q1 or larger than Q3 is considered
an outlier.

2.2. Tree-Based Pipeline Optimizaation Tool
(TPOT)

Tree-Based Pipeline Optimization Tool
(TPOT) is an automated machine learning tool
that uses genetic programming to identify an
appropriate machine learning pipeline for a given
dataset [20]. TPOT explores several
combinations of preprocessing techniques,
feature selection methods, and regression models
to obtain a pipeline that provides good predictive
performance while maintaining reasonable
model complexity [21]. In this study, TPOT
Regression was used to support model selection
for employee salary prediction. This is important
because salary prediction involves various
employee attributes that may have different
relationships with monthly income. By using
TPOT, the model selection process is not
determined manually, but is guided by data-
driven pipeline optimization. Based on the TPOT
Regression process, AdaBoost Regressor was
selected as the most suitable regression model for
the dataset used in this study.

2.3. Adaptive Boosting Regression

Adaptive Boosting, or AdaBoost, is an
ensemble learning method that combines several
weak learners to form a stronger predictive model
[20]. In the regression context, AdaBoost
Regressor works by sequentially training weak
regression models and giving higher attention to
observations with larger prediction errors. The
final prediction is obtained by combining the
results of multiple weak regressors through a
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weighted aggregation mechanism. Therefore,
AdaBoost Regression is different from AdaBoost
classification because the main objective is to
predict continuous numerical values rather than
class labels.

Figure 2 shows the AdaBoost process.

Box 2
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Figure 2. Adaboost Regression Process

AdaBoost  Regression  has  several
advantages, including its ability to improve
prediction performance by combining multiple
weak learners, its relative robustness to
overfitting, and its interpretability through
feature importance analysis [22]. AdaBoost
Regressor was selected in this study because the
target variable, Monthly Income, is a continuous
variable. Salary prediction may involve complex
and non-linear relationships among factors such
as job level, work experience, job role,
education, and other employee attributes.
Compared with simple linear regression,
AdaBoost Regressor can capture more flexible
relationships in the data by combining multiple
weak prediction models. In addition, AdaBoost
provides feature importance information, which
is useful for identifying the most influential
factors in salary recommendation.

2.4. Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) is a
population-based metaheuristic optimization
method inspired by the social behavior of bird
flocks or fish schools [23]. In PSO, each particle
represents a possible solution in the search space.
Each particle updates its position based on its
own best experience and the best solution found
by the swarm. The velocity and position of each
particle are wupdated using the following
equations [24] :

vkt = vk 4 cl(xipjb - xl’j) + cZ(xf}b -
x5 2
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x5 = xfs + vl 3)

where vj; represents the velocity of particle
i in dimension j, X;j represents the position of
particle i in dimension j, w is the inertia weight, c
and c2 are acceleration coefficients, 1 and r2 are
random values between 0 and 1, pbest;; is the best
position found by the particle, and gbest; is the
best position found by the swarm. In this study,
PSO was selected because employee salary
prediction involves many independent variables,
and not all variables contribute equally to
Monthly Income. PSO is used to optimize the
search for influential variables so that the
regression model can focus on more relevant
factors. By combining PSO with AdaBoost
Regressor, this study aims to improve prediction
performance and obtain more reliable salary
recommendations.

2.5. Mean Absolute Percentage Error (MAPE)

Mean Absolute Percentage Error (MAPE) is
an evaluation metric used to measure prediction
error in percentage form. MAPE shows the
average percentage difference between actual
values and predicted values. The formula of
MAPE is written as follows [25] :

MAPE = 2yn Py 9000, (4)
n Y't

where yi is the actual value, Vi is the predicted
value, and n is the number of observations. In this
study, MAPE was used because it provides an
interpretable error measurement for salary
prediction. A lower MAPE value indicates that the
predicted salary is closer to the actual salary
value.

2.6. R-Square (R2)

R-Square, or the coefficient of determination,
is used to measure how well the independent
variables explain the variation in the dependent
variable. The formula of R-Square is written as
follows [26] :

2 _ Si—p)*
R7=1 Li-a)? )
where yi is the actual value, i is the predicted
value, and ¥ is the mean of the actual values. An
R-Square value closer to 1 indicates that the
model explains a greater proportion of the
variation in Monthly Income.
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2.7. Django Framework

Django is a Python-based web framework
that supports rapid web application development
using the Model-View-Template architecture
[27]. In this study, Django was used as the
implementation framework because it is
compatible with Python-based machine learning
workflows. The use of Django allows the
prediction model to be integrated into a web-
based application, making the salary
recommendation results easier to access and
visualize. Therefore, Django is not used as a
prediction method, but as a deployment and
visualization framework to present the output of
the PSO-AdaBoost Regression model in a
practical system.

3. RESULTS

3.1. Dataset and Data Preprocessing

In this study, the dataset used for hybrid
modeling was an employee dataset from Kaggle
consisting of 1,029 records and 34 variables with
three categories of variable, namely company
data, personal data, and demographic data.
Before the modeling process, data preprocessing
was conducted by encoding categorical variables
into numerical values, handling missing values,
checking duplicate data, and removing outliers
using the Interquartile Range (IQR) method.

The categorical variables, such as
Department, Education Field, Gender, Job Role,
Marital Status, Over 18, and Over Time, were
converted into numerical values. Based on the
initial data inspection, no duplicate records were
found, while missing values were found in 0.8%
of the data. These missing values were handled
using mean imputation. Furthermore, 114 outlier
records were detected using the IQR method.
After removing these outlier records, the final
dataset used for modeling consisted of 915
records.

Figure 3 shows the boxplot of Monthly
Income before outlier removal. The boxplot was
used to identify extreme values outside the lower
and upper quartile boundaries. Removing
outliers reduced extreme data variation and
helped improve the stability of the modeling
process, especially because salary prediction is
sensitive to unusually high or low values.
Therefore, the final dataset was considered
cleaner and more suitable for PSO-based feature
optimization and AdaBoost Regression
modeling.
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Figure 3. Boxplot of Monthly Income before
Outlier Removal

Data that falls outside of the first and third
quartiles is referred to as outlier data. In order to
exclude the outlier data from the dataset, data that
falls between the first and third quartiles is then
collected.

3.2. Modelling

After the preprocessing stage, the cleaned
dataset was used to develop the proposed hybrid
model. The model development process
consisted of three sequential stages: feature
optimization using Particle Swarm Optimization
(PSO), model selection using TPOT Regression,
and final modeling using the regression model
selected by TPOT. First, PSO was applied to
optimize the feature selection process for
predicting Monthly Income. Each particle
represented a candidate feature subset, and the
fitness function was based on prediction error,
where a lower error value indicated a better
feature subset.

In this study, the PSO parameters were set as
follows: number of particles = 10, number of
iterations = 3500, inertia weight = 0.3647,
cognitive coefficient = 0.3365, and social
coefficient = 0.0772. Based on the PSO process,
the best cost value obtained was 188.87. The
selected feature obtained from the PSO
optimization process was Job Level. The
optimized feature result was then used in the next
stage for model selection and regression
modeling.
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3.2.1. Variable Optimization Using Particle
Swarm Optimization

Particle Swarm Optimization (PSO) was
used to optimize the selection of relevant features
for employee salary prediction. This process was
conducted before the final regression modeling
stage to identify variables that contributed to
predicting Monthly Income. Based on the PSO
calculation, the best cost value obtained was
188.87, as shown in Figure 4.

Cost History

400 {
350 {
300 {

250

200 { L

0 2000 4000 6000 8000 10000
Iterations

Figure 4. Cost History Graph

3.2.2. Model Selection using TPOT Regression

After the feature optimization process,
TPOT Regression was used to select the best
regression pipeline. The TPOT configuration
used 5 generations and a population size of 20.
Since this study is a regression problem, the
model selection process was evaluated using
regression-based scoring. The result showed that
AdaBoost Regressor was selected as the best
model for employee salary prediction. The
selected AdaBoost Regressor parameters were
n_estimators = 100, learning rate = 0.001, and
loss = exponential.

3.2.3. Modelling using AdaBoost Regression

The final modeling stage was performed
using the AdaBoost Regressor selected by TPOT
Regression. The model was trained using
n_estimators = 100, learning_rate = 0.001, and
loss = exponential. AdaBoost Regressor was
used because the target variable, Monthly
Income, is a continuous variable. After the model
was trained, feature importance analysis was
conducted to identify the relative contribution of
each variable to the target variable. The feature
importance scores are presented in Table 1.
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No Feature Score
1 Age 0,00011
2 Daily Rate 0,00042
3 Department 0,00027
4 Distance From Home 0,00026
5 Education 0,00004
6 Education Field 0,00017
7 Employee Count 0,00000
8 Employee Number 0,00122
Environment
? Satisfaction 0,00000
10 Gender 0,00000
11 Hourly Rate 0,00022
12 Job Involvement 0,00000
13 Job Level 0,97156
14 Job Role 0,00250
15 Job Satisfaction 0,00000
16 Marital Status 0,00005
17 Monthly Rate 0,00117
Num Companies
18 Workod 0,00040
19 Over 18 0,00000
20 Over Time 0,00002
21 Percent Salary Hike 0,00122
22 Performance Rating 0,00003
Relationshi
23 Satisfactior? 0,00000
24 Standard Hours 0,00000
25 Stock Option Level 0,00005
26 Total Working Years 0,01769
27 TrainingY Times Last 0,00053
ear
28 Work Life Balance 0,00017
29 Years At Company 0,00020
30 Years In Current Role 0,00110
3 Yeags Sinc.e Last 0,00009
romotion
3 Years With Curr 0,00046
Manager
Table I : Feature Importance Scores of
AdaBoost Regressor

From Table I, Job Level had the highest
feature importance score, with a value of
0.97156. This result indicates that Job Level was
the most influential feature in predicting Monthly
Income. Therefore, Job Level can be considered
the most important factor in the employee salary
recommendation model. However, because the
feature importance score of Job Level was
dominant, this result also indicates that the model
strongly depends on this variable. This finding is
reasonable because employees with higher job
levels generally receive higher monthly income.
Therefore, the relationship between Job Level
and Monthly Income should be interpreted
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carefully. After the feature importance analysis,
model evaluation was conducted to determine the
predictive performance of the proposed PSO-
TPOT—AdaBoost Regression model.

3.3. Model Evaluation

The hybrid model was evaluated using R-
Square and Mean Absolute Percentage Error
(MAPE). These metrics were used to provide a
complete evaluation of the regression model. R-
Square was used to measure how well the
independent variables explained the variation in
Monthly Income. MAPE was used to measure
the prediction error in percentage form.

The proposed PSO-TPOT-AdaBoost
Regressor model obtained an R-Square value of
0.88, indicating that 88% of the variation in
Monthly Income could be explained by the
independent variables used in the model. The
remaining 12% may be influenced by other
factors not included in the dataset. The model
also obtained a MAPE value of 0.22, equivalent
to 22%. To maintain consistency, all MAPE
values in this study are reported in the same
format. Based on these evaluation results, the
proposed hybrid model showed good
performance for employee salary prediction.

The comparison results between the
proposed model and baseline models are
presented in Table 2. All models were evaluated
using the same evaluation metrics, namely R-
Square and MAPE, to ensure a fair comparison.

Model R2 MAPE
PSO-Linear Regression 0.80 1.04
PSO—Dec151(?n Tree 072 201
Regression
PSO-Randorrll Forest 0.85 118
Regression
PSO-AdaB
50-AdaBoost 0.88 | 0.22
Regression

Table II : Comparison Regression Model
Performance

Based on Table II, the proposed PSO-
AdaBoost  Regressor  model  produced
competitive performance compared with the
baseline models. The use of PSO contributed to
feature  optimization, TPOT  Regression
contributed to regression model selection, and
AdaBoost Regressor was used as the final model
selected by TPOT. Therefore, the proposed
hybrid approach can be considered suitable for
employee salary prediction.
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3.4. Django Framework Implementation

The final PSO—-AdaBoost Regressor model
was implemented into a web-based application
using the Django framework. Django was used
as the deployment framework because it supports
Python-based machine learning integration and
allows the prediction model to be accessed
through a web interface. The system was
designed to receive employee-related input
variables, process the input through the trained
prediction model, and display the predicted
salary recommendation as output. The workflow
of the web-based system consists of three main
stages. First, the user inputs employee data
through the web form, such as Job Level and
other required employee attributes. Second, the
Django backend processes the input data and
sends it to the trained prediction model. Third,
the system displays the salary prediction result
and related visualization to help users understand
the recommendation output.

fb-eocosm.a- - — -Eap—l

Figure 6. Employee Data Input Page

. . ‘_.l il
Figure 7. Salary Recommendation Visualization
Page

The implementation interface is shown
in Figures 5, 6, and 7. Figure 5 shows the input
page for entering employee data. Figure 6 shows
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the prediction result page generated by the
model. Figure 7 shows the visualization page
used to present salary recommendation results.
Therefore, the Django implementation functions
as a practical interface for integrating the
machine learning model into a salary
recommendation system.

4. CONCLUSIONS

This study proposed a hybrid machine
learning approach wusing Particle Swarm
Optimization (PSO), TPOT Regression, and
AdaBoost Regressor to support employee salary
recommendation. Based on the modeling results,
TPOT Regression selected AdaBoost Regressor
as the best regression model, while PSO was
used to optimize the feature selection process.
The model evaluation showed that the proposed
PSO—AdaBoost Regressor achieved an R-Square
value of 0.88 and a MAPE value of 0.22,
indicating that the model had good predictive
performance in estimating Monthly Income.

The feature importance analysis showed
that Job Level was the most influential variable,
with the highest feature importance score of
0.97156. This result indicates that Job Level has
a strong relationship with salary prediction
because higher job levels are generally
associated with higher responsibilities and
compensation. However, this also shows that the
model may be highly dependent on this variable,
so the prediction results should be interpreted
carefully.

The Django-based implementation
shows that the proposed model can be integrated
into a web-based salary recommendation system.
However, the system should be used as a
decision support tool, not as the sole basis for
salary decisions. Final salary decisions should
still consider other factors that may not be
included in the dataset, such as employee
performance, competency, workload, company
policy, fairness, and managerial judgment.
Future research is recommended to use larger
and more diverse datasets, include additional
human resource variables, and compare the
proposed approach with other optimization or
ensemble learning methods.
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5. SUGGESTIONS

The following are some

recommendations for additional research based
on the findings of this study :

1.

(1]

(2]

(3]

(4]

In order for the salary recommendation
model to more accurately reflect actual
conditions, future studies are recommended
to include other non-technical factors
including competence, certification, job
risk level, and individual performance
indicators (KPIs).

To examine the potential for increasing the
model's accuracy and stability, PSO may be
compared with  other  optimization
techniques like Genetic Algorithm (GA),
Ant Colony Optimization (ACO), or
Hybrid PSO-GA.

The model can be tested on cross-industry
and cross-country datasets to measure the
generalization of the model in various
organizational structures and wage systems.
Further research can also develop deep
learning or  multi-model  ensemble
approaches as comparators to the PSO-
AdaBoost Regression model in big data
scenarios.

The implementation of a web-based system
can be expanded with explainable Al (XAI)
features so that management can
understand the reasoning behind the salary
recommendations generated by the model.
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