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ABSTRACT 
This study discusses the forecasting of the Open Unemployment Rate (OUR) in West Java Province using 
two time series approaches: Vector Autoregressive with Exogenous variables (VARX) and Support 
Vector Regression (SVR). The dataset consists of monthly observations from 2018 to 2023, including 
variables such as OUR, the Labor Force Participation Rate (LFPR), Gross Regional Domestic Product 
(GRDP), and the Human Development Index (HDI). Based on the optimal lag selection using the AIC, the 
VARX model produced the best lag configuration of (5,2), consisting of five lags for endogenous variables 
and two for exogenous variables. Meanwhile, the SVR model was developed through Grid Search to find 
the best parameter combination, resulting in a linear kernel with 𝐶 = 10 and 𝜀 = 0,1. The evaluation 
results showed that the SVR model performed better than VARX, with MSE, RMSE, and MAPE values of 
0.24, 0.49, and 6%, respectively, lower than those of the VARX model, which reached 0.68, 0.82, and 
8.4%. SVR was selected as the best model and used to forecast the OUR until the end of 2025. The forecast 
results indicated a spike in OUR at the beginning of 2024 at 8.52%, followed by a declining trend that 
continues and stabilizes in the range of 7.96%-8.12% by the end of 2025. In conclusion, SVR outperforms 
VARX in predictive accuracy, while VARX remains useful for analyzing inter-variable relationships. 
Keywords: 
Forecasting; Open Unemployment Rate (OUR); VARX; SVR. 

 
Introduction 

Unemployment is a crucial indicator in assessing the economic stability and social 
welfare of a region. A high unemployment rate indicates an imbalance between the number of job 
seekers and the availability of employment opportunities, as well as the inability of the economic 
system to absorb the existing labor force. In Indonesia, the national Open Unemployment Rate 
(OUR) in August 2023 was recorded at 5.32% (BPS, 2023). Meanwhile, West Java Province 
reported a higher rate of 7.44%, making it one of the provinces with the highest unemployment 
rate in the country. 

The high unemployment rate in West Java is caused by various factors, such as the 
imbalance between the growth of the working-age population and the creation of job 
opportunities, the lack of workforce skills that meet industrial needs, and the impact of the COVID-
19 pandemic, which has worsened labor market conditions (Baheramsyah, 2021). The 
government has launched several initiatives, such as training programs through Vocational 
Training Centers and the development of vocational education to improve job skills. However, to 
ensure that the policies implemented are well-targeted, accurate data and reliable forecasting 
models are required. 

Forecasting the unemployment rate is essential for labor force planning and public 
policy development. One commonly used analytical approach for this purpose is time series 
analysis. Time series analysis is a statistical method used to evaluate data collected periodically 
over time, with the aim of identifying patterns, trends, cycles, and seasonal fluctuations in the data 
(Chatfield & Xing, 2019). This method allows for the identification of patterns, trends, and 
seasonality in historical data to predict future values (Hyndman & Athanasopoulos, 2021). In time 
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series analysis, there are two main approaches: univariate and multivariate (Beeram & 
Kuchibhotla, 2021). The univariate approach relies on a single variable, whereas the multivariate 
approach incorporates multiple interrelated variables, often resulting in improved predictive 
accurac. 

One of the multivariate methods used is the Vector Autoregressive Exogenous (VARX) 
model. VARX is an extension of the VAR model that allows for the analysis of dynamic 
relationships between endogenous and exogenous variables. This method is widely used in 
economics and finance due to its ability to capture the influence of external variables on key 
endogenous variables (Warsono et al., 2019). However, this method requires the assumption of 
stationarity to be fulfilled and is sensitive to the selection of the optimal lag length. In addition to 
classical statistical approaches, machine learning-based approaches such as Support Vector 
Regression (SVR) can also be used to forecast time series data. SVR is a variant of the Support 
Vector Machine (SVM) developed to handle regression problems. By utilizing kernel functions, 
SVR is capable of capturing non-linear patterns in the data and is resistant to overfitting issues 
(Ciaburro, 2018). A drawback of this method is the need for optimal hyperparameter tuning to 
ensure the model performs effectively. 

Several previous studies have demonstrated the effectiveness of the VARX and SVR 
methods in time series forecasting. For example, Muschilati and Irsalinda (2020) applied the 
VARX model to forecast tourist visits in five regencies and municipalities in Yogyakarta. The 
results showed that the VARX (1,0) model provided reasonably good accuracy, with Mean 
Absolute Percentage Error (MAPE) values ranging from 6.60% to 11.19% across the regions. The 
lowest MAPE occurred in Bantul Regency at 6.60%, suggesting that the model is suitable for 
supporting tourism planning. Meanwhile, Sinaga et al. (2025) used the VARX model to forecast 
the prices of dragon fruit agricultural products in North Sumatra. In that study, the VARX (1,1) 
model yielded fairly accurate results. The MAPE values were -22% for large dragon fruit and -
27.6% for small dragon fruit. Although the negative values indicate overestimation, the model was 
still considered informative in describing price dynamics based on the exogenous factors used. 

On the other hand, the SVR method has also demonstrated excellent performance. Sadya 
(2022) used SVR to forecast the unemployment rate in Indonesia and found that the SVR model 
with parameters 𝛾 = 83 and 𝐶 = 81 achieved high accuracy compared to other methods. These 
results confirm that SVR can effectively capture unemployment patterns based on historical data. 
Furthermore, Ishlah et al. (2023) applied SVR for stock price forecasting and found that using a 
linear kernel with parameters 𝐶 = 1 and 𝜀 = 0.11 produced a model with minimal prediction 
error. This proves that SVR is not only flexible but also capable of delivering precise results in the 
context of volatile financial data. 

This study aims to implement and compare the performance of the VARX and SVR 
methods in forecasting the unemployment rate in West Java Province. The results of this research 
are expected to provide recommendations for a more accurate forecasting method, which can be 
used as a basis for formulating more responsive and data-driven employment policies. 
 
Methods 
 
Data dan Tools 

It is important to note that several variables in this study, particularly GRDP and HDI, 
were originally available in annual or quarterly formats and were converted to monthly 
observations using linear interpolation. While this approach enables consistency in the temporal 
structure of the data, it has inherent limitations that may affect the accuracy of the VARX model. 
Linear interpolation assumes a constant rate of change between known data points, which can 
artificially induce smoothness in the series and potentially distort the true temporal dynamics of 
the variables. This smoothing effect may mask short-term fluctuations or seasonal patterns that 
could be relevant for unemployment forecasting. Additionally, interpolated values do not 
represent actual observed measurements, which may reduce the model's ability to capture 
genuine relationships between variables. However, this limitation is less critical for the SVR 
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model, as it focuses primarily on pattern recognition rather than structural interpretation of inter-
variable relationships. Future studies may benefit from using higher-frequency original data or 
alternative interpolation methods such as cubic splines to better preserve the underlying 
dynamics of the economic indicators. 

This study uses secondary data consisting of monthly observations of the Open 
Unemployment Rate (OUR), Labor Force Participation Rate (LFPR), Gross Regional Domestic 
Product (GRDP), and Human Development Index (HDI) in West Java Province. The data were 
obtained from official publications of Statistics Indonesia for the period from January 2018 to 
December 2023. Since not all variables were available in monthly format, linear interpolation was 
performed to standardize the time intervals across variables. The software used in this study 
includes EViews and Python. EViews was utilized to build the VARX model due to its capabilities 
in handling time series data and providing comprehensive statistical testing features, such as 
stationarity tests, optimal lag selection, and model diagnostics. Meanwhile, the SVR method was 
implemented using Python with the scikit-learn library for modeling and hyperparameter tuning, 
as well as pandas and numpy for data processing. 
 
Analysis Procedures 
 
Descriptive Statistical Analysis 

Descriptive statistical analysis in this study was conducted to describe the general 
characteristics of each variable used. This analysis includes measures of central tendency such as 
the mean, as well as measures of dispersion such as the standard deviation, along with the 
minimum and maximum values. Through this analysis, an initial overview of the distribution and 
trends of the data was obtained before proceeding to further analysis. 
 
VARX Model 

In the VARX analysis stage, the first step is to conduct a stationarity test using the 
Augmented Dickey-Fuller (ADF) method. The data are considered stationary if the ADF test 
statistic is more negative than the critical value at the 5% significance level or if the p-value is 
below 0.05. If the data does not meet this criterion, differencing is applied until the data becomes 
stationary. Once stationarity is achieved, the optimal lag is determined based on the lowest value 
of the Akaike Information Criterion (AIC) to identify the best lag length for the VARX model. Next, 
a Granger Causality test is conducted to examine the causal relationship between endogenous and 
exogenous variables, where a p-value less than 0.05 indicates a significant causal relationship. 
Parameter estimation is then carried out to determine the coefficient values of each variable 
associated with the lagged values of the endogenous and exogenous variables. Based on these 
results, the VARX model can be constructed using the following equation. 

𝑧𝑡 = 𝜇 + ∑

𝑝

𝑖=1

𝜙𝑖𝑧(𝑡−𝑖) + ∑

𝑞

𝑗=0

𝜃𝑗𝑥𝑡−𝑗 + 𝑒𝑡  

where 𝑧𝑡 is the vector of endogenous variables at time 𝑡, 𝑥𝑡  is the exogenous variable, 𝜇 is the 
constant, 𝜙𝑖 and 𝜃𝑗  are the model coefficients, 𝑝 and 𝑞 are the optimal lags, and 𝑒𝑡  is the error term 

(Sukono et al., 2023). The residuals of the VARX model are then evaluated through several 
diagnostic tests, including the autocorrelation test (p-value > 0.05 indicates no autocorrelation), 
the heteroskedasticity test (p-value > 0.05 indicates no heteroskedasticity), and the normality 
test (p-value > 0.05 indicates that the residuals are normally distributed).  
 
SVR Model 

Next, for the SVR method, the procedure begins with data normalization using the Min-
Max Scaling method to scale the data within the range of 0 to 1. The lag structure for the SVR model 
was determined based on the optimal lag configuration identified by the VARX model, namely 
(5,2), consisting of five lags for endogenous variables and two lags for exogenous variables. This 
approach was adopted to maintain consistency in the temporal structure of inputs across both 
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models and to leverage the information content suggested by the AIC-based lag selection. 
However, it should be acknowledged that VARX-based lag selection is optimized for linear 
autoregressive structures and may not necessarily represent the optimal configuration for SVR, 
which is capable of capturing non-linear patterns. The lag structure determines the 
dimensionality of the feature space: specifically, the model uses a total of 16 input features 
constructed as follows: OUR(t-1), OUR(t-2), OUR(t-3), OUR(t-4), OUR(t-5), LFPR(t-1), LFPR(t-2), 
LFPR(t-3), LFPR(t-4), LFPR(t-5), GRDP(t), GRDP(t-1), GRDP(t-2), HDI(t), HDI(t-1), and HDI(t-2). 
Each row in the training dataset represents a time point, with these 16 lagged values serving as 
independent variables (features) and OUR(t) as the dependent variable (target). Alternative lag 
selection methods specifically tailored for non-linear models could potentially improve SVR 
performance and warrant exploration in future research. 

After normalization, the data is split into training and testing sets with a 70:30 ratio, 
without shuffling, in order to preserve the temporal order (Vrigazova, 2021). The SVR model is 
then trained using various parameter combinations through Grid Search and by selecting the 
appropriate kernel (linear, polynomial, or radial basis function). Once the optimal parameters are 
found, the SVR prediction function can be formulated using the following equation. 

𝑓(𝑥) = 〈𝑤. 𝑥〉 + 𝑏 
where 𝑓(𝑥) is the prediction function of SVR, 𝑥 is the input vector, 𝑤 is the weight vector with 
dimension 𝑙, and 𝑏 is the bias (Rahmawati, 2023). 
 
Model Accuracy 

Forecasting model accuracy is assessed to measure the precision of predictions by 
calculating the error between actual values and forecasted results. Three commonly used metrics 
are Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage 
Error (MAPE). MSE measures the average of the squared differences between actual and predicted 
values, where a smaller value indicates better forecasting performance. RMSE is the square root 
of MSE and represents the prediction error directly, with smaller values indicating more accurate 
predictions. Meanwhile, MAPE measures the average percentage error relative to the actual 
values; thus, the smaller the MAPE value, the more accurate the model is considered to be. The 
calculation of each of these errors can be performed using the following formulas. 

𝑀𝑆𝐸 =
1

𝑛
∑

𝑛

𝑖=1

(𝑌𝑖 − 𝑌̂𝑖)
2

 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 = √
1

𝑛
∑

𝑛

𝑖=1

(𝑌𝑖 − 𝑌̂𝑖)
2

 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑

𝑛

𝑖=1

|
𝑌𝑖 − 𝑌̂𝑖

𝑌𝑖
| × 100% 

where 𝑛 is the number of data points, 𝑌𝑖  is the actual value at time 𝑖, and 𝑌𝑖̂ is the predicted value 
at time 𝑖.  
 
Forecasting 

The evaluation results indicating that one of the models has the lowest MSE, RMSE, and 
MAPE values designate it as the best-performing model for forecasting the unemployment rate. 
This optimal model is then used to forecast the unemployment rate for the subsequent period, 
namely the years 2024 and 2025. This forecasting process provides a quantitative overview of the 
potential future unemployment trends based on historical patterns and the dynamics of the 
influencing economic variables.  
 
Results and Discussions 
 
Descriptive Statistics 
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The following table presents a summary of the descriptive statistical analysis results of 
the data used in this study. 
 

Table 1. Descriptive Statistics 

Variable Maximum Value 
Minimum 
Value 

Mean 
Standard 
Deviation 

Open Unemployment Rate (OUR) (𝑌1) 10.46 7.44 8.43 0.80 
Labor Force Participation Rate (LFPR) 
(𝑌2) 

66.92 62.16 65.28 1.15 

Gross Regional Domestic Product 
(GRDP) (𝑋1) 

55794 40273 46847.54 4519.84 

Human Development Index (HDI) (𝑋2) 74.37 71.30 72.70 0.85 

 
Based on the descriptive statistical analysis presented in Table 1, the Open Unemployment 

Rate (OUR) during the observation period showed relatively small variation, ranging from 7.44% 
to 10.46%, with an average of 8.43% and a standard deviation of 0.80%. The Labor Force 
Participation Rate (LFPR) was relatively stable, ranging from 62.16% to 66.92%, with a mean of 
65.28% and a standard deviation of 1.15%. The Gross Regional Domestic Product (GRDP) showed 
considerable economic variation, with values ranging from 40,273 to 55,794 billion rupiah, an 
average of 46,847.54 billion, and a standard deviation of 4,519.84 billion. Meanwhile, the Human 
Development Index (HDI) was fairly consistent, ranging from 71.30 to 74.37, with an average of 
72.70 and a standard deviation of 0.85. 
 
Stationarity Test of the Data 

Prior to model estimation, data stationarity must be ensured. The table 2 presents the 
results of the data stationarity test using the Augmented Dickey-Fuller (ADF) test.  
 

Table 2. Stationarity Test of the Data 

Variable 
Level  
(p-value) 

Diff-1  
(p-value) 

Diff-2  
(p-value) 

Description 

OUR (𝑌1) 0.0380 - - Stationary at Level 
LFPR (𝑌2) 0.4362 0.1496 0.0105 Stationary at Diff-2 
GRDP (𝑋1) 0.9949 0.5250 0.0000 Stationary at Diff-2 
HDI (𝑋2) 0.9963 0.4510 0.0001 Stationary at Diff-2 

 
  Based on the ADF test, the OUR variable is already stationary with p-value of 0.0380. In 
contrast, the LFPR variable becomes stationary only after the second differencing (p-value 
0.0105). GRDP also shows initial non-stationarity and becomes stationary after the second 
differencing (p-value 0.0000). A similar result is observed for the HDI variable, which becomes 
stationary only after the second differencing, with p-value of 0.0001. Thus, all variables have met 
the stationarity assumption after the necessary differencing process. 
 
Optimum Lag Selection 

The optimal lag selection was carried out using the Akaike Information Criterion (AIC), 
where the smallest value indicates the best lag. The following table presents the optimal lag along 
with the corresponding AIC values.  
 

Table 3. Optimum Lag along with AIC Values 

Optimal Lag AIC 

0 -4.276892 
1 -7.078185 
2 -7.890350 
3 -8.582111 
4 -8.562557 
5 -8.655584 
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  Based on the table 3, the optimal lag is lag 5 as it has the smallest AIC value of -8.655584. 
 
Granger Causality Test 

To examine the causal relationships among variables, a Granger Causality test was 
conducted. The test indicates that most pairs of variables in the system do not exhibit causal 
relationships, as shown by p-values greater than 0.05. For example, between OUR and LFPR, the 
p-values are 0.6462 and 0.1150, respectively, indicating no causal relationship. Similar results are 
observed between GRDP and OUR (p-values 0.5402 and 0.3955), HDI and OUR (p-values 0.7569 
and 0.4783), as well as GRDP and LFPR (p-values 0.6474 and 0.0783). However, there is a one-
way causal relationship from LFPR to HDI (p-value 0.0228 < 0.05) and from GRDP to HDI (p-value 
0.0039 < 0.05). 
 
Optimal Lag Selection 

The optimal lag determination for the VARX model is carried out by testing various lag 
combinations for both endogenous and exogenous variables, using the AIC value as the selection 
criterion. The lag combination that produces the lowest AIC value is considered the most suitable, 
as it effectively captures the dynamic relationships among variables without causing overfitting 
or losing important information. Based on the test results, the VARX (5,2) model yielded the 
lowest AIC value of -8.762824. 
 
Parameter Estimation of the VARX (5,2) Model 

The estimation of the VARX (5,2) model aims to determine the influence of the lagged 
values of endogenous and exogenous variables on the current value of the endogenous variables. 
Based on the estimation results, two equations are obtained for OUR and LFPR as follows. 

𝑂𝑈𝑅𝑡 = −0.002104 + 0.664529𝑂𝑈𝑅𝑡−1 − 0.27932𝐿𝐹𝑃𝑅𝑡−1 + 0.312512𝑂𝑈𝑅𝑡−2

+ 0.250667𝐿𝐹𝑃𝑅𝑡−2 − 0.483298𝑂𝑈𝑅𝑡−3 + 0.095649𝐿𝐹𝑃𝑅𝑡−3

+ 0.286328𝑂𝑈𝑅𝑡−4 − 0.048719𝐿𝐹𝑃𝑅𝑡−4 − 0.437865𝑂𝑈𝑅𝑡−5

− 0.011688𝐿𝐹𝑃𝑅𝑡−5 + 0.000350𝐺𝑅𝐷𝑃𝑡 − 1.857166𝐻𝐷𝐼𝑡 + 0.000222𝐺𝑅𝐷𝑃𝑡−1

− 0.506934𝐻𝐷𝐼𝑡−1 − 0.000320𝐺𝑅𝐷𝑃𝑡−2 + 1.143798𝐻𝐷𝐼𝑡−2  
𝐿𝐹𝑃𝑅𝑡 = −0.000103 + 0.019636𝑂𝑈𝑅𝑡−1 + 1.004360𝐿𝐹𝑃𝑅𝑡−1 + 0.360089𝑂𝑈𝑅𝑡−2

+ 0.383567𝐿𝐹𝑃𝑅𝑡−2 − 0.212139𝑂𝑈𝑅𝑡−3 − 0.769551𝐿𝐹𝑃𝑅𝑡−3

− 0.345655𝑂𝑈𝑅𝑡−4 + 0.074614𝐿𝐹𝑃𝑅𝑡−4 + 0.434327𝑂𝑈𝑅𝑡−5

+ 0.020244𝐿𝐹𝑃𝑅𝑡−5 − 0.000158𝐺𝑅𝐷𝑃𝑡 + 1.541896𝐻𝐷𝐼𝑡 − 0.0000689𝐺𝑅𝐷𝑃𝑡−1

+ 0.817217𝐻𝐷𝐼𝑡−1 − 0.0000483𝐺𝑅𝐷𝑃𝑡−2 − 0.099815𝐻𝐷𝐼𝑡−2  
 
Diagnostic Testing of the VARX (5,2) Model 

Diagnostic testing is conducted to ensure that the model meets classical assumptions 
such as the absence of autocorrelation, normality of residuals, and stationarity. Based on the Q-Q 
plot, the residuals of OUR and LFPR mostly follow the diagonal line, indicating that both are 
approximately normally distributed (Figure 1). The results of the Jarque-Bera test also support 
this, with p-values of 0.3317 for OUR and 0.6602 for LFPR, both greater than 0.05, indicating that 
the residuals of both variables are normally distributed. 
 
Data Preprocessing 

In the preprocessing stage, normalization and data splitting were performed. 
Normalization was carried out using the Min-Max method to scale the variables into the range 
[0,1], in order to avoid the influence of scale differences that could affect the performance of the 
SVR. After normalization, the data was divided into two parts: 70% for training and 30% for 
testing, allowing the model's accuracy to be evaluated on previously unseen data. The following is 
an example of Min-Max Normalization. 
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Figure 1. Q-Q Plot of Normal Residuals for OUR and LFPR 

 
Min-Max Normalization for the OUR variable: 

𝑌1(𝑠𝑐𝑎𝑙𝑒𝑑) =
8 − 7.44

10.46 − 7.44
= 0.1854 

Min-Max Normalization for the LFPR variable: 

𝑌2(𝑠𝑐𝑎𝑙𝑒𝑑) =
65.03 − 62.16

66.92 − 62.16
= 0.6029 

Min-Max Normalization for the GRDP variable: 

𝑋1(𝑠𝑐𝑎𝑙𝑒𝑑) =
40273 − 40273

55794 − 40273
= 0 

Min-Max Normalization for the HDI variable: 

𝑋2(𝑠𝑐𝑎𝑙𝑒𝑑) =
71.3 − 71.3

74.37 − 71.3
= 0 

 
Parameter Estimation of the SVR Model 

The SVR model was built with a lag structure of (5,2), consisting of five lags for the 
endogenous variables (OUR and LFPR) and two lags for the exogenous variables (GRDP and HDI), 
referring to the optimal lag from the VARX model to maintain input consistency. The training 
process used Grid Search to determine the best parameter combination across three types of 
kernels: linear, polynomial, and Radial Basis Function (RBF). The parameters tuned included the 
value of 𝐶 with test values [0.01; 0.1; 1; 10; 100], 𝜀 with test values [0.01; 0.1; 1; 10; 100], and 
degree (for the polynomial kernel) with test values of 2 and 3.  

The best results were obtained using the linear kernel with 𝐶 = 10 and 𝜀 = 0.1. The 
model utilized a total of 16 weight features 𝑤 derived from the combination of lagged variables, 
and produced an SVR model with a bias of -0.032279. The final equation includes the weights of 
each lagged variable contributing to the prediction of OUR, with the largest contributions coming 
from the lagged values of OUR and GRDP. The following is the final equation showing the weights 
of each lagged variable in predicting OUR. 
𝑓(𝑥) = 0.812252𝑂𝑈𝑅𝑡−1 − 0.088997𝐿𝐹𝑃𝑅𝑡−1 + 0.286469𝑂𝑈𝑅𝑡−2 + 0.067304𝐿𝐹𝑃𝑅𝑡−2

− 0.062221𝑂𝑈𝑅𝑡−3 + 0.123744𝐿𝐹𝑃𝑅𝑡−3 − 0.169679𝑂𝑈𝑅𝑡−4

+ 0.077602𝐿𝐹𝑃𝑅𝑡−4 − 0.068264𝑂𝑈𝑅𝑡−5 − 0.042254𝐿𝐹𝑃𝑅𝑡−5 + 0.049792𝐺𝑅𝐷𝑃𝑡

+ 0.059831𝐻𝐷𝐼𝑡 + 0.017045𝐺𝑅𝐷𝑃𝑡−1 + 0.041141𝐻𝐷𝐼𝑡−1 − 0.014666𝐺𝑅𝐷𝑃𝑡−2

+ 0.011831𝐻𝐷𝐼𝑡−2 − 0.032279 
 
Model Accuracy 

The actual data and forecasted results for the Open Unemployment Rate (OUR) are 
presented for the period from April 2022 to December 2023. To evaluate the performance of the 
models in forecasting the data, accuracy measurements were conducted using three indicators: 
MSE, RMSE, and MAPE. These three indicators are used to compare the error levels between the 
predictions generated by the SVR and VARX models and the actual data, in order to determine 
which model provides the most accurate forecasts. 
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Based on the table 4, it can be seen that the VARX model's forecast results closely 
matched the actual data in the early part of the period, for example in April 2022, with a difference 
of only 0.03. However, from the end of 2022 through 2023, the performance of the VARX model 
began to decline, as indicated by increasing deviations from the actual data and consistently lower 
forecast values. In contrast, the SVR model produced more stable and consistent forecast values, 
remaining around 8 throughout the forecasting period. Although SVR tended to slightly 
overestimate the actual values, it maintained a stable prediction pattern. Statistically, SVR 
demonstrated better evaluation performance compared to VARX. This is evident from the model 
accuracy metrics, where the SVR model achieved an MSE of 0.24 lower than the VARX model's 
0.68. Similarly, the RMSE for SVR was 0.49, while VARX recorded 0.82. Additionally, the MAPE for 
SVR was smaller at 6%, compared to VARX at 8.4%. These three indicators show that the SVR 
model has lower error rates and better predictive performance, leading to the conclusion that SVR 
outperforms VARX in forecasting the OUR values during the analyzed period. To better illustrate 
the comparison between the forecasted values and actual data, the following graph visualizes the 
prediction results of the VARX and SVR models against the actual OUR data over the period. 

 
Table 4. Actual Data and Forecasted OUR Results (VARX and SVR) 

No. Time 
Actual 
Data 

Forecast (VARX) Forecast (SVR) 

1. March 2022 8.22 8.22 8.43 
2. April 2022 8.16 8.19 8.38 
3. May 2022 8.17 8.26 8.42 
4. June 2022 8.22 8.38 8.49 
5. July 2022 8.27 8.52 8.58 
6. August 2022 8.31 8.59 8.66 
7. September 2022 8.31 8.57 8.71 
8. October 2022 8.27 8.4 8.7 
9. November 2022 8.2 8.13 8.66 
10. December 2022 8.11 7.78 8.58 
11. January 2023 8 7.41 8.5 
12. February 2023 7.89 7.05 8.41 
13. March 2023 7.78 6.75 8.33 
14. April 2023 7.67 6.57 8.26 
15. May 2023 7.58 6.5 8.19 
16. June 2023 7.5 6.5 8.14 
17. July 2023 7.45 6.54 8.1 
18. August 2023 7.44 6.59 8.08 
19. September 2023 7.47 6.59 8.1 
20. October 2023 7.55 6.49 8.14 
21. November 2023 7.69 6.27 8.23 
22. December 2023 7.88 5.98 8.35 

MSE 0.68 0.24 
RMSE 0.82 0.49 
MAPE 8.4% 6% 

 
The evaluation results show that the SVR model outperforms in terms of accuracy and 

efficiency in predicting the Open Unemployment Rate (OUR). Subsequently, the SVR model with a 
linear kernel (𝐶 = 10, 𝜀 = 0.1) was used to forecast the OUR for the period from January 2024 to 
December 2025. By maintaining the same lag structure (5 for endogenous variables and 2 for 
exogenous variables), the forecasting was carried out iteratively using historical data up to 
December 2023. The following presents the OUR forecast results from the SVR model for the 
specified period (Figure 2). 
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Figure 2. Comparison of VARX and SVR Forecast Results. The blue line represents actual OUR data, the 
orange line shows VARX predictions, and the green line displays SVR predictions. Shaded areas indicate the 
prediction error bands (±RMSE) for each model 

 
Forecasting Results 
 

Table 5. OUR Forecast Results 

No. Time Forecast Result 

1. January 2024 8.52 
2. February 2024 8 
3. March 2024 7.83 
4. April 2024 7.94 
5. May 2024 8.12 
6. June 2024 8.12 
7. July 2024 8.12 
8. August 2024 8.10 
9. September 2024 8.08 
10 October 2024 8.05 
11. November 2024 8.03 
12. December 2024 8 
13. January 2025 7.99 
14. February 2025 7.98 
15. March 2025 7.98 
16. April 2025 7.99 
17. May 2025 7.99 
18. June 2025 8 
19 July 2025 8.01 
20. August 2025 8.01 
21. September 2025 8.01 
22. October 2025 8 
23. November 2025 7.98 
24. December 2025 7.96 

 
Based on the SVR forecast results using a linear kernel, Open Unemployment Rate (OUR) 

shows a gradual decline (Table 5). In 2024, OUR, which was initially 8.52% in January, decreases 
to 8% by the end of the year. Entering 2025, OUR is projected to continue displaying a stable trend, 
ranging between 7.96% and 8.01%. Although there are slight fluctuations in certain months, 
overall, OUT demonstrates a declining and stabilizing pattern. To better illustrate this trend, the 
following chart presents a comparison between the forecasted OUR and the actual OUR data 
(BPS).  
 Based on the Figure 3, the actual OUR data (from BPS) is represented by the blue line, 
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showing a stable downward trend from around 6.95% in January 2024 to approximately 6.74% 
in January 2025. On the other hand, the forecasted OUR, indicated by the orange line, consistently 
remains above the actual OUR values throughout the period. Throughout 2024, the forecasted 
values fluctuate around 8% to 8.12%, with a slight decrease to 8% in December. Entering 2025, 
the forecasted OUR gradually declines from 7.99% in January to 7.96% in December. In contrast, 
the BPS data shows a consistent decline from 6.96% to around 6.73% over the same period. This 
means that the gap between the forecasted results and BPS data remains in the range of 1.2 to 1.3 
points throughout 2025. Overall, the actual BPS data indicates a more stable and lower trend, 
while the forecasted trend shows a gradual decline from early 2024 to the end of 2025, with some 
minor fluctuations. 
 
 

 
Figure 3. Comparison Chart of OUR (BPS) and Forecasted OUR 

 
 
Conclusion 

 
Based on the forecasting analysis of the Open Unemployment Rate (OUR) using the VARX 

and SVR methods, it can be concluded that the SVR model with a linear kernel (𝐶 = 10, 𝜀 = 0.1) 
demonstrates better predictive performance compared to the VARX(5,2) model. This is evident 
from the accuracy evaluation results, where SVR achieved an MSE of 0.24, RMSE of 0.49, and MAPE 
of 6%, all lower than those of VARX, which recorded an MSE of 0.68, RMSE of 0.82, and MAPE of 
8.4%. Therefore, SVR is considered more reliable for forecasting OUR. The SVR forecast for 
January 2024 to December 2025 indicates an initial decline followed by stabilization between 
7.96% and 8.12%. 
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