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 Predicting the Open Unemployment Rate (OUR) is important for supporting 

data-driven employment policies, particularly in regions with complex 

economic and social conditions. This study aims to develop a predictive model 

for OUR using panel data from districts/cities in West Java Province during 

the 2018–2025 period by applying Support Vector Regression (SVR) 

optimized with Particle Swarm Optimization (PSO). The dataset includes 

economic, social, and demographic variables, namely labor force participation 

rate, average years of schooling, population, minimum wage, Human 

Development Index, GRDP per capita, poverty rate, and population density. 

The proposed approach combines SVR as a nonlinear regression technique 

with PSO for hyperparameter optimization to improve prediction accuracy. 

The experimental results show that the model achieved a Mean Squared Error 

(MSE) of 1.4888 and a coefficient of determination (R²) of 0.4343, indicating 

moderate predictive performance. In addition, the optimization process 

demonstrated a stable reduction in RMSE values during iterations, confirming 

the effectiveness of PSO in enhancing the SVR model. The findings suggest 

that the SVR–PSO model is capable of capturing general unemployment 

patterns in panel data and can support adaptive, data-driven employment 

policy analysis. 
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1. INTRODUCTION 

Unemployment remains one of the most important indicators for evaluating regional economic 

performance and social stability because it reflects the ability of the economy to absorb labor effectively [1], 

[2]. A high Open Unemployment Rate (OUR) contributes to poverty, inequality, and reduced public welfare, 

while also creating long-term economic and social pressures [2], [3]. In West Java Province, unemployment 

dynamics are highly complex due to significant differences among districts and cities in terms of economic 

development, education, population density, and labor market conditions [4], [5]. These conditions indicate 

that unemployment is influenced by multidimensional economic, social, and demographic factors with 

nonlinear interactions [6]. Therefore, a predictive approach capable of capturing complex relationships and 
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temporal-spatial variations is needed to support more adaptive and evidence-based employment policy 

formulation [7]. 

Previous studies on unemployment forecasting have mainly employed statistical and econometric 

approaches such as linear regression, panel regression, and ARIMA models due to their simplicity and 

interpretability [8], [9]. However, these methods often face limitations in capturing nonlinear relationships, 

multidimensional interactions, and structural changes in economic and labor market data [10], [11]. Recent 

advances in machine learning, including Support Vector Machine (SVM), Random Forest, Artificial Neural 

Networks, and deep learning models, have demonstrated superior capability in handling complex and high-

dimensional datasets [12], [13]. Among these approaches, Support Vector Regression (SVR) has attracted 

considerable attention because of its robustness and effectiveness in modeling nonlinear relationships with 

minimal overfitting risk [14]. Nevertheless, SVR performance strongly depends on optimal hyperparameter 

selection. To address this issue, researchers have integrated SVR with Particle Swarm Optimization (PSO), 

which effectively optimizes model parameters through swarm-based search mechanisms [15]. Despite these 

promising developments, studies applying hybrid SVR–PSO models for unemployment prediction using 

regional panel data in Indonesia, particularly at the district/city level, remain limited [16]. 

Although machine learning approaches have demonstrated stronger predictive capability than 

conventional econometric methods, unemployment prediction studies in Indonesia remain limited, particularly 

at the regional panel-data level [17], [18]. Most previous studies still focus on statistical inference using linear 

econometric techniques and rarely integrate economic, social, and demographic variables within a unified 

predictive framework [19]. Consequently, the complex and nonlinear dynamics of unemployment across 

districts and cities have not been fully captured. In addition, although Support Vector Regression (SVR) and 

Particle Swarm Optimization (PSO) have shown promising results in various forecasting applications [20], 

[21]. their implementation for unemployment prediction using regional panel data in Indonesia, especially in 

West Java Province, remains scarce. Therefore, a more adaptive hybrid predictive framework is needed to 

improve prediction accuracy and model nonlinear unemployment dynamics across spatial and temporal 

dimensions. 

This study proposes a hybrid machine learning framework by integrating Support Vector Regression 

(SVR) and Particle Swarm Optimization (PSO) to predict the Open Unemployment Rate (OUR) using panel 

data from 27 districts/cities in West Java Province during 2018–2025 [22]. The dataset includes economic, 

demographic, and social variables, such as labor force participation rate, average years of schooling, 

population, minimum wage, Human Development Index (HDI), GRDP per capita, poverty rate, and population 

density [23]. Data preprocessing involves cleaning, normalization, outlier handling, and transformation to 

ensure data quality and model compatibility. SVR is employed to capture nonlinear relationships and 

multidimensional patterns [24], while PSO is used to optimize SVR hyperparameters to improve prediction 

accuracy and model stability [25]. The model performance is evaluated using MAE, MSE, RMSE, and 

coefficient of determination (R²) [26]. 

Unemployment remains a critical socioeconomic issue because it reflects the ability of a region to 

absorb available labor resources and maintain sustainable economic growth. Accurate unemployment 

forecasting is therefore essential for supporting labor market policies and evidence-based decision making. 

Several researchers have focused on unemployment forecasting using conventional econometric approaches or 

standalone machine learning models [27], [28]. However, there are limited studies related to the 

implementation of hybrid SVR–PSO models for predicting the Open Unemployment Rate using district/city-

level panel data in Indonesia [29]. Therefore, a significant research gap remains in developing an adaptive 

predictive framework capable of simultaneously capturing nonlinear, multidimensional, spatial, and temporal 

unemployment patterns. The novelty of this study lies in the integration of Particle Swarm Optimization-based 

hyperparameter tuning with Support Vector Regression using multidimensional panel data from 27 

districts/cities in West Java Province during 2018–2025. Unlike previous studies that primarily relied on 

conventional econometric methods or standalone machine learning algorithms, most existing approaches have 

limited capability in simultaneously capturing nonlinear relationships and the spatial-temporal characteristics 

of regional unemployment dynamics [30]. Therefore, this research intends to develop a hybrid Support Vector 

Regression–Particle Swarm Optimization (SVR–PSO) model for predicting the Open Unemployment Rate 

using multidimensional regional panel data. The objectives of this research are to develop and evaluate the 

proposed SVR–PSO model and to assess its predictive performance using MAE, MSE, RMSE, and R² 

evaluation metrics [31], [32]. 

 

2. METHOD 

This study applies a structured predictive modeling framework to estimate the Open Unemployment 

Rate using panel data. The process includes dataset preparation, data preprocessing (cleaning, normalization, 

and transformation), and model development using Support Vector Regression (SVR) to capture nonlinear 

relationships. Parameter optimization is performed using Particle Swarm Optimization (PSO) to obtain optimal 
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hyperparameters. The model is then evaluated using Mean Absolute Error (MAE), Mean Squared Error (MSE), 

Root Mean Squared Error (RMSE), and the coefficient of determination (R²) to assess prediction accuracy and 

generalization performance. 

 
Figure 1. Research design and workflow 

 

Figure 1 is a research workflow that illustrates dataset preparation, pre-processing, SVR modeling, 

PSO optimization, and model evaluation. 

 

Dataset and Variables 

The dataset used in this study is secondary panel data obtained from Statistics Indonesia (BPS), 

covering 27 districts/cities in West Java Province for the period 2018–2025, resulting in 216 observations. The 

dependent variable is the Open Unemployment Rate (OUR), while the independent variables include labor 

force participation rate, average years of schooling, population, minimum wage, Human Development Index, 

GRDP per capita, poverty rate, and population density. 

The panel data structure enables the model to capture both cross-sectional and time-series variations 

simultaneously, providing a more comprehensive representation of unemployment dynamics. 

 

Table 1. Research variables and operational definitions 
No Variable Type Unit Operational Definition 

1 
Open Unemployment Rate 
(OUR) 

Dependent % 

Percentage of the labor force that is 

unemployed relative to the total 

labor force 

2 
Labor Force Participation 
Rate (LFPR) 

Independent % 

Percentage of working-age 

population that is economically 

active 

3 
Average Years of 

Schooling 
Independent Years 

Average number of years of formal 

education attained by the population 

4 Population Independent Thousand people Total population in each district/city 

5 
Minimum Wage 

(District/City) 
Independent Rupiah Regional minimum wage standard 

6 
Human Development 
Index (HDI) 

Independent Index 
Indicator of the quality of human 
development 

7 

Gross Regional Domestic 

Product (GRDP) per 
Capita 

Independent Rupiah 
Economic output value per 

individual 

8 Poverty Rate Independent % 
Percentage of population living 

below the poverty line 
9 Population Density Independent People/km² Number of people per unit area 

 

Table 1 presents the research variables used in the Open Unemployment Rate (OUR) prediction 

model, which consists of 1 dependent variable and 8 independent variables. 

 

Table 2. Panel data structure 
Dimension Description 

Cross-section 27 districts/cities in West Java 

Time series Year 2018–2025 

Number of 

observations 
27 × 8 = 216 data points 

Data type Secondary data 
Data source Statistics Indonesia (BPS) and official publications 

 

Table 2 illustrates the panel data structure used in the study, which consists of a cross-section 

dimension in the form of 27 districts/cities in West Java Province and a time series dimension for the period 

2018 to 2025. With the combination of these two dimensions, the total observations used in this study amount 

to 216 data. 

 

Preprocessing Data 
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Data preprocessing was conducted to prepare the dataset for machine learning modeling through data 

cleaning, feature normalization, data transformation, and data splitting. Data cleaning was performed to address 

missing values, inconsistencies, and potential outliers. Feature normalization was carried out using the Min–

Max Scaling technique, which transforms variables into a comparable range prior to model training and is 

commonly applied in machine learning algorithms sensitive to feature scales, including Support Vector 

Regression (SVR) [33]. 

𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
  (1) 

where 𝑥′ denotes the normalized value, 𝑥 is the original value, and xmin and xmax represent the 

minimum and maximum values of the corresponding feature, respectively. Furthermore, the panel dataset was 

transformed into a machine-learning-ready format by organizing the predictor variables into feature matrices 

and the response variable into target vectors for model development. Subsequently, the dataset was divided 

into training (80%) and testing (20%) subsets using the hold-out validation approach, a commonly adopted 

strategy for evaluating model generalization performance on unseen data [34]. 

 

Table 3. Data preprocessing steps 
No Step Description 

1 Data Cleaning 
Missing values, inconsistencies, and duplicate records were identified and 

corrected prior to analysis. 

2 Normalization 
Numerical variables were normalized using the Min–Max Scaling method to 
transform values into a comparable range before model training [35]. 

3 Outlier Detection 
Outliers were identified through exploratory data analysis and evaluated prior 

to model development. 

4 Data Transformation 
The panel dataset was transformed into feature matrices and target vectors 

suitable for SVR modeling. 

5 Data Splitting 
The dataset was divided into training (80%) and testing (20%) subsets using the 
hold-out validation approach [36]. 

 

Table 3 describes the data preprocessing steps performed to improve the quality and readiness of the 

dataset before the modeling process. These steps include data cleaning, normalization, outlier detection, and 

data transformation, aimed at producing clean, structured, and uniformly scaled data, thereby improving the 

performance of the predictive model. 

 

Exploratory Data Analysis (EDA) 

Exploratory Data Analysis (EDA) was conducted to examine the statistical characteristics and 

relationships among variables prior to model development [37]. In this study, EDA was performed through 

descriptive statistical analysis and correlation analysis to identify potential relationships among economic, 

social, and demographic variables associated with the Open Unemployment Rate. The results revealed varying 

correlation patterns among the predictor variables, indicating the presence of complex interactions that may 

not be adequately captured by conventional linear approaches. These findings support the use of Support Vector 

Regression (SVR), which is capable of modeling nonlinear relationships in multidimensional datasets [38]. 

 

Table 4. Summary of exploratory data analysis results 
Variable Mean Std. Dev Min Max Key Insight 

Open Unemployment Rate 7.85 2.15 2.10 14.20 Moderately distributed without extreme skewness 

LFPR 66.30 4.80 55.20 75.10 Stable variation across regions 

Education 8.45 1.20 6.10 11.30 Strong relationship with HDI 

Population 1450 820 320 3200 High variability across districts 

Minimum Wage 2.8M 0.7M 1.8M 4.5M Moderate economic variation 

HDI 71.50 4.30 62.10 81.20 Strong indicator of human development 
GRDP 38.20 15.60 12.40 85.30 Reflects economic disparities 

Poverty 8.90 3.10 2.80 15.60 Negatively related to HDI 

Density 4200 3100 500 14000 Highly varied spatial distribution 

 

Table 4 presents the summary statistics of the study variables. Several variables show high regional 

variability, indicating heterogeneous characteristics and complex nonlinear relationships that support the use 

of Support Vector Regression. 

 

Model Development: Support Vector Regression 

The predictive model used in this study is Support Vector Regression (SVR), which is designed to 

model nonlinear relationships between input variables and the target variable [39]. The model operates by 

mapping input data into a higher-dimensional feature space using a nonlinear transformation function, allowing 

complex patterns in panel data to be effectively captured [40]. 

The regression function of SVR is defined as follows [41]: 
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𝑓(𝑥) = 𝑤𝑇𝜙(𝑥) + 𝑏  (2) 

where f(x)represents the predicted value of the Open Unemployment Rate, wis the weight vector, ϕ(x)is the 

nonlinear mapping function, and b is the bias term. The model aims to minimize prediction error within an ε-

insensitive loss margin, allowing small deviations without penalty. 

In this study, the Radial Basis Function (RBF) kernel is employed due to its flexibility in capturing 

nonlinear relationships in multidimensional data [42]: 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp(−𝛾 ∥ 𝑥𝑖 − 𝑥𝑗 ∥2)  (3) 

where 𝛾is the kernel parameter controlling the influence of individual data points. The SVR model 

uses three main hyperparameters: the regularization parameter 𝐶, the kernel parameter 𝛾, and the ε-insensitive 

loss parameter 𝜖. These parameters significantly influence model performance and must be carefully 

determined. 

The SVR model uses normalized features as input and the Open Unemployment Rate as output. The 

dataset is divided into 80% training data and 20% testing data using the hold-out method to evaluate model 

performance and reduce overfitting [43]. 

 

Parameter Optimization using Particle Swarm Optimization 

To improve SVR performance, Particle Swarm Optimization (PSO) is used to optimize the 

hyperparameters (C, γ, and ϵ) through an iterative population-based search process [44]. 

The velocity update is defined as follows [45]: 

𝑣𝑖
𝑡+1 = 𝑤 ⋅ 𝑣𝑖

𝑡 + 𝑐1𝑟1(𝑝𝑏𝑒𝑠𝑡𝑖 − 𝑥𝑖
𝑡) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖

𝑡) (4) 

The position update is defined as follows [46]: 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝑣𝑖
𝑡+1  (5) 

where 𝑣𝑖represents the velocity of particle 𝑖, 𝑥𝑖is its position, 𝑤is the inertia weight controlling exploration 

and exploitation, 𝑐1and 𝑐2are acceleration coefficients, and 𝑟1and 𝑟2are random numbers in the interval [0,1]. 

The objective function used in the optimization process is Mean Squared Error (MSE), which is defined as 

follows [47]: 

𝑀𝑆𝐸 =
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2  (6) 

where 𝑦𝑖is the actual value and 𝑦̂𝑖is the predicted value. The optimization process aims to minimize 

the MSE value to obtain the best-performing SVR parameters. 

 

Model Evaluation 

Model evaluation was conducted using the testing dataset (20% of total data) obtained through the 

hold-out method to assess predictive performance and generalization capability. The model was evaluated 

using MAE, MSE, RMSE, and R² metrics. 

The Mean Absolute Error (MAE) is defined as follows [48]: 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣𝑛

𝑖=1 𝑦𝑖 − 𝑦̂𝑖 ∣  (7) 

where 𝑦𝑖represents the actual value and 𝑦̂𝑖represents the predicted value. MAE measures the average magnitude 

of prediction errors without considering their direction. 

The Mean Squared Error (MSE) is defined as follows [49]: 

𝑀𝑆𝐸 =
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2  (8) 

The Root Mean Squared Error (RMSE) is defined as follows [50]: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2  (9) 
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RMSE provides an interpretable measure of prediction error in the same unit as the target variable, allowing 

easier comparison with actual values. 

The coefficient of determination (𝑅2) is defined as follows [51]: 

𝑅2 = 1 −
∑ (

𝑛
𝑖=1 𝑦𝑖−𝑦̂𝑖)2

∑ (
𝑛
𝑖=1 𝑦𝑖−𝑦̄)2

  (10) 

where 𝑦̄is the mean of the actual values. The 𝑅2metric indicates the proportion of variance in the 

dependent variable that can be explained by the model. 

Table 5. Model evaluation metrics 
Metric Description 

MAE Measures the average absolute prediction error 
MSE Measures the average squared prediction error 

RMSE Measures the square root of MSE in the same unit as the target variable 

R² Measures the proportion of variance explained by the model 

Table 5 presents the evaluation metrics used in this study, where lower MAE, MSE, and RMSE values 

indicate better prediction performance, while a higher R² value indicates stronger explanatory capability. 

 

 

3. RESULTS AND DISCUSSIONS 

The SVR model optimized with PSO achieved an MSE of 1.4888 and an R² of 0.4343, indicating 

moderate predictive performance. The results show that the model is capable of minimizing prediction errors 

and capturing the general pattern of unemployment dynamics across districts and cities. 

Table 6. Model performance results 
Metric Value 

MAE 0.87 
MSE 1.4888 

RMSE 1.22 

R² 0.4343 

Table 6 shows that the proposed model achieves a relatively low error rate, indicating acceptable 

prediction accuracy. The RMSE value of 1.22 reflects a reasonable deviation between predicted and actual 

values, while the R² value indicates moderate explanatory capability, suggesting that other factors may still 

influence unemployment variability. 

 

Figure 2. Actual versus predicted open unemployment rate (OUR) 

Figure 2 shows the comparison between actual and predicted values of the Open Unemployment Rate. 

The model is able to follow the general trend of the data, although some deviations are observed in several 

periods. This indicates that the model has moderate predictive capability and is able to capture the overall 

pattern of unemployment dynamics. 
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Figure 3. PSO convergence 

Figure 3 illustrates the convergence of RMSE during the PSO optimization process. The decreasing 

trend indicates that the algorithm effectively reduces prediction error and converges toward optimal SVR 

parameters. Minor fluctuations in early iterations reflect exploration, while later stability indicates 

convergence. 

 

Figure 4. Correlation matrix 

Figure 4 presents the correlation matrix of the research variables. The results show both strong and 

weak relationships among variables, indicating complex interactions. Strong positive correlations are observed 

between education and HDI, while poverty shows negative relationships with development indicators. This 

variability suggests nonlinear relationships, supporting the use of SVR for modeling. 

 

4. CONCLUSION 

This study successfully achieved its objective of developing and evaluating a hybrid Support Vector 

Regression–Particle Swarm Optimization (SVR–PSO) model for predicting the Open Unemployment Rate 

using multidimensional panel data from districts and cities in West Java Province during 2018–2025. The 

results presented in the Results and Discussion section demonstrate that the proposed model is capable of 

capturing nonlinear relationships among socioeconomic variables and generating reliable unemployment 



Danny, et. al. / J. Soft Comput. Explor., Vol. 7, No. 3, September 2026:  468 - 477                  475 

 

forecasts. The model achieved a Mean Squared Error (MSE) of 1.4888 and a coefficient of determination (R²) 

of 0.4343, indicating moderate predictive performance in explaining regional unemployment dynamics. 

The findings show that the integration of Particle Swarm Optimization (PSO) contributes to improving 

SVR performance through the optimization of key hyperparameters, resulting in a more adaptive predictive 

framework for modeling complex unemployment patterns. These results suggest that hybrid machine learning 

approaches offer advantages over conventional methods in handling multidimensional and nonlinear 

relationships within regional socioeconomic data. Therefore, the proposed SVR–PSO model provides a 

promising alternative for unemployment forecasting and regional labor market analysis. 

From a theoretical perspective, this study contributes to the growing application of hybrid machine 

learning and intelligent optimization techniques in socioeconomic forecasting. Practically, the proposed 

framework can support policymakers in monitoring unemployment trends and formulating evidence-based 

employment policies. However, the moderate explanatory power of the model indicates that unemployment is 

influenced by additional factors beyond those considered in this study. Therefore, future research is encouraged 

to incorporate more comprehensive variables, broader datasets, and advanced optimization or machine learning 

techniques. Furthermore, the proposed framework has the potential to be integrated into regional labor market 

monitoring systems and decision-support platforms for more effective policy evaluation and planning. 
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