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Background: International tourist arrivals are an important component of 
Indonesia's tourism economy and are influenced by temporal patterns and 
macroeconomic conditions. Accurate forecasting is therefore important to 
support tourism planning and economic resilience.  
Aims: This study aims to develop and evaluate a Support Vector Regression 
(SVR) model with different kernel functions for forecasting international tourist 
arrivals in Indonesia and to compare its performance with the ARIMAX model.  
Method: Monthly tourist arrival data from January 2017 to November 2024 were 
analyzed using SVR with linear, polynomial, radial basis function, and sigmoid 
kernels. Data were standardized using StandardScaler, while Grid Search was 
used to optimize the model parameters. Inflation and the BI Rate were 
incorporated as explanatory variables. The best-performing SVR model was 
compared with ARIMAX(1,1,1) using MSE, RMSE, MAD, and MAPE.  
Result: The SVR with a second-degree Polynomial Kernel achieved the best 
performance, with an MSE of 3,401,140,779.52, RMSE of 58,319.30, MAD of 
44,565.19, and MAPE of 12.94%. The model outperformed ARIMAX(1,1,1), which 
obtained a MAPE of 16.23%. The results indicate that the polynomial kernel can 
better capture nonlinear patterns in tourist arrival dynamics.  
Conclusion: The SVR Polynomial model provides a useful approach for 
forecasting international tourist arrivals in Indonesia. Its forecasting capability 
can support tourism planning, resource allocation, and early identification of 
changes in tourism demand, contributing to more adaptive and resilient tourism 
management.  
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INTRODUCTION 

Indonesia occupies a strategic maritime position in Southeast Asia, situated at the intersection 
of two continents (Asia and Australia) and two oceans (Indian and Pacific). This geographical 
advantage has established the country as a hub for economic and cultural exchange and provided a 
strong foundation for tourism development. The tourism sector is not only a driver of economic 
growth but also a contributor to national resilience, as foreign exchange earnings and regional 
development reinforce economic stability, an essential pillar of defense preparedness. Between 2017 
and 2019, the number of international tourist arrivals showed an overall upward yet fluctuating 
trend, peaking in July 2018 with 1,547,232 visits and remaining above 1.5 million per month until 
the end of 2019. However, in early 2020, the sector experienced a sharp decline due to the COVID-19 
pandemic and international travel restrictions, with tourist arrivals dropping to below 200,000 per 
month by 2021. Signs of recovery began to appear in early 2022, with a significant upward trend 
throughout 2023, although fluctuations persisted. Based on Ministry of Tourism and Creative 
Economy in 2024, tourist arrivals increased by 16.9% compared to the previous month but 
decreased by 18.94% compared to December 2023, totaling 927,746 visits—still far below the July 
2018 peak of 1.5 million. This situation underscores the need for effective recovery strategies, 
including regional collaboration through the ASEAN Tourism Forum (ATF), to strengthen ASEAN’s 
role as a major destination region (Feng et al., 2022; Mishra et al., 2021; Škare et al., 2021). 

Macroeconomic factors such as the Bank Indonesia interest rate (BI Rate) and inflation also 
influence tourism visits. The BI Rate affects credit costs and investments in related sectors, while 
inflation, measured by the Consumer Price Index (CPI), reflects price stability and affects tourists’ 
purchasing power (Chen & Wang, 2007; Nur Aini, 2022). In this context, forecasting tourist arrivals 
is crucial for supporting economic policy planning and national tourism marketing strategies. 
Accurate forecasts help governments and industry stakeholders to prepare infrastructure capacity, 
promotional strategies, and efficient resource allocation. Moreover, tourist arrival predictions serve 
as an important indicator for assessing potential foreign exchange revenue and the economic 
stability of tourism-dependent regions (Nguyen et al., 2013; Suryawan et al., 2025). 

Recent studies have shown that applying statistical and machine learning models such as 
ARIMAX, LSTM, and Support Vector Regression (SVR) can yield high accuracy in forecasting tourist 
arrivals and tourism-related economic trends across different countries (Akanbi & Bello, 2024; 
Cankurt & Subaşi, 2016; Guerouate et al., 2023; Sun et al., 2019; Surtiningsih, 2017; Tovmasyan, 
2021). Therefore, utilizing adaptive predictive models such as SVR is highly relevant for 
understanding patterns and uncertainties in Indonesia’s post-pandemic tourism data.   

SVR is an extension of the Support Vector Machine (SVM) algorithm originally developed for 
classification tasks (Lalian et al., 2022). The fundamental concept of SVR lies in finding a regression 
function that minimizes prediction error while maintaining the maximum margin between actual 
observations and the estimated function. This approach follows the principle of Structural Risk 
Minimization (SRM), which seeks to balance model complexity and generalization capability for 
unseen data (Smola & Schölkopf, 2004). In tourism forecasting, SVR has been shown to outperform 
classical models such as ARIMAX, especially when handling seasonal and highly volatile data (Jouilil 
& Mentagui, 2023).  

This study employs the SVR method, which utilizes various kernel functions to capture data 
patterns, allowing the model to adapt to the unique characteristics of each dataset. The kernels 
considered in SVR include the Linear Kernel for linearly separable data, the Polynomial Kernel for 
nonlinear relationships, and the Radial Basis Function (RBF) Kernel for more complex patterns. 
Comparing these kernels aims to identify the one most suitable for the data characteristics, as each 
possesses distinct capabilities in capturing variable relationships. Proper kernel selection is crucial 
to enhancing model accuracy and efficiency, particularly for datasets with varying levels of 
complexity. 

An important factor influencing SVR performance is hyperparameter tuning, which determines 
optimal parameters for machine learning algorithms. However, manual hyperparameter 
optimization can be time-consuming, especially when numerous parameters are involved. One of the 
most widely used approaches is the grid search method combined with k-fold cross-validation. The 
main advantage of grid search over other optimization algorithms lies in its systematic iteration 
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structure, which minimizes duplication when parameters are unique (Iriananda et al., 2024). 
Prediction errors are evaluated using several metrics, including Mean Square Error (MSE), Root 
Mean Square Error (RMSE), Mean Absolute Deviation (MAD), and Mean Absolute Percentage Error 
(MAPE). 

This study analyzes international tourist arrivals in Indonesia from January 2017 to November 
2024 and applies SVR with three kernel approaches, Linear, Polynomial, and RBF, to predict future 
visits (Zhou et al., 2024). Hyperparameter optimization is conducted using grid search with cross-
validation, and model performance is evaluated using Mean Square Error (MSE), Root Mean Square 
Error (RMSE), Mean Absolute Deviation (MAD), and Mean Absolute Percentage Error (MAPE). By 
comparing kernel performance, the study seeks to identify the most suitable model for Indonesia’s 
tourism data. 

Accurate forecasting of tourist arrivals is therefore essential for guiding economic policy, 
infrastructure planning, and tourism marketing strategies. Forecasts also serve as indicators of 
potential foreign exchange revenue and economic stability in tourism-dependent regions (Nguyen et 
al., 2013; Suryawan et al., 2025). Recent studies emphasize the effectiveness of machine learning 
models, particularly Support Vector Regression (SVR), in forecasting tourism trends. SVR, an 
extension of Support Vector Machine (SVM), applies the principle of Structural Risk Minimization to 
balance model complexity and generalization (Lalian et al., 2022; Vapnik, 2000). Compared to 
classical models such as ARIMAX, SVR has demonstrated superior performance in handling seasonal 
and volatile data (Amelia et al., 2021; Chen et al., 2022; Jouilil & Mentagui, 2023). Kernel selection 
(Linear, Polynomial, RBF) and hyperparameter optimization using grid search with cross-validation 
are critical for enhancing model accuracy, with performance evaluated through metrics such as MSE, 
RMSE, MAD, and MAPE (Agan Celik et al., 2026; Iriananda et al., 2024). These approaches make SVR 
highly relevant for analyzing Indonesia’s post-pandemic tourism data and supporting recovery 
strategies. In conclusion, forecasting international tourist arrivals is essential not only for tourism 
recovery and economic planning but also for reinforcing Indonesia’s resilience and defense capacity 
(Agan Celik et al., 2026). Reliable predictions strengthen economic stability, secure foreign exchange 
revenues, and enhance Indonesia’s strategic position in the ASEAN and Indo-Pacific context, thereby 
linking tourism forecasting with broader national defense preparedness. 

METHOD 

Support Vector Regression (SVR) 
Support Vector Regression (SVR) is a regression technique designed to overcome the 

overfitting problem and requires proper parameter selection to achieve optimal performance. 
Overfitting occurs when a model exhibits very high accuracy on the training data but is fails to 
generalize to unseen data (Adam et al., 2024; Maulana et al., 2019; Surtiningsih, 2017). The primary 
goal of SVR is to determine a function 𝑓(𝑥) that minimizes the prediction error while maintaining 
model smoothness, ignoring errors smaller than a predefined threshold 𝜀 (epsilon-insensitive loss). 

The core concept of SVR involves computing a linear function based on two parameters   and   
which are non-negative Lagrange multipliers. The solution to this optimization problem is generally 
obtained through quadratic programming, resulting in an optimal approximation surface. When 
extended to nonlinear spaces, the regression surface is produced through kernel functions, expressed 
as 

 

(1) 𝑓(𝑥) = ∑(𝑎𝑗
∗ − 𝑎𝑗)(𝐾(𝑥𝑖 , 𝑥𝑗) + 𝜆2)

𝑛

𝑗=1

 

 

where 𝑓(𝑥) is predicted output, value (𝑎𝑗
∗ − 𝑎𝑗) is Lagrange multipliers, 𝐾(𝑥𝑖 , 𝑥𝑗) is kernel function, 

and 𝜆2 is scalar (Maulana et al., 2019). 
The SVR algorithm can employ different types of kernel functions with its own characteristics 

and advantages (Adam et al., 2024), 
a. Linear Kernel, this is applied when the data are linearly separable in the feature space, 
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𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑥𝑖 , 𝑥𝑗
𝑇 (2) 

  
where 𝑖 and 𝑗 is the data (𝑖, 𝑗: 1, 2, …  𝑛), 𝑥 is the input variable. 

b. Polynomial Kernel, this is used when the data cannot be separated linearly. The equation is 

given by: 

 

(3) 𝐾(𝑥𝑖 , 𝑥𝑗) = (𝑥𝑖 , 𝑥𝑗
𝑇 + 1)

𝑑
 

 
where 𝑑 denotes the polynomial degree. 

c. Radial Basis Function (RBF) Kernel, one of the most used kernels in SVR, the RBF kernel 

effectively captures nonlinear relationships and complex patterns, 

 

(4) 𝐾(𝑥𝑖 , 𝑥𝑗) = exp (−𝛾‖𝑥𝑖 − 𝑥𝑗‖
2

) 

 
where 𝛾 Gamma parameter. 

Grid Search and 𝒌 −Fold Cross-Validation 
Grid Search is a systematic optimization method used to determine the optimal 

hyperparameters of the Support Vector Regression (SVR). It defines a search space for each 
hyperparameter within specified bounds and discretizes this space into candidate values. All possible 
combinations are evaluated, ensuring that the global optimum within the defined range can be 
identified. To improve robustness, Grid Search is combined with 𝑘 −fold cross-validation, which 
assesses generalization capability by partitioning the dataset into subsets. The model is trained on 
𝑘 − 1 folds and tested on the remaining fold, repeated 𝑘 times. Performance is average across folds. 
The choice of 𝑘 influences model performance: smaller 𝑘 reduces computation time but may yield 
unstable estimates, while larger 𝑘 improves reliability at higher computational cost. In this study, 
𝑘 = 3 was selected to balance efficiency and accuracy. 

The hyperparameter space considered includes cost parameter 𝐶 ∈ {0.01, 0.1, 1, 10, 100}, 

Epsilon 𝜀 ∈ {0.01, 0.1, 1, 10, 100}, Gamma 𝛾 ∈ {0.01, 0.1, 1, 10, 100} and Polynomial degree 𝑑 ∈
{0, 1, 2, 3, 4}. Each combination was evaluated using cross-validation, and the optimal set was 
selected based on the highest score, indicating the best generalization capability. 

Data and Variables 
The dataset used in this study covers the period from January 2017 to November 2024. The 

cut-off in November was determined by the availability of official publications at the time of data 
collection, as the most recent consistent data across all variables was only accessible up to that 
month. In handling the dataset, random splitting was deliberately avoided, since such an approach in 
time series analysis risks information leakage from future observations into the training set. Instead, 
the data was partitioned chronologically, with earlier observations allocated for model training and 
the most recent period reserved for testing and validation. This procedure preserves the temporal 
structure of the series and ensures that the evaluation reflects realistic forecasting conditions. 
Dependent variable (𝑌𝑡): monthly international tourist arrivals. Independent variables: Lagged 
arrivals (𝑌𝑡−1, 𝑌𝑡−2), BI Rate (𝑋1) and Inflation (𝑋2) 

Justification for variable selection: Lagged tourist arrivals, 𝑌𝑡: tourism demand is 
autoregressive, with past arrivals strongly influencing future arrivals due to seasonality and long-
term trends. Including lags improves model accuracy by capturing temporal dynamics; BI Rate (𝑋1) 
represents monetary policy and liquidity conditions. Lower interest rates stimulate consumption and 
tourism demand, while higher rates suppress them. Inflation (𝑋2) directly affects travel affordability, 
influencing airfare, accommodation, and other costs. Stable inflation enhances destination 
attractiveness, while high inflation discourages tourism.  

These variables are theoretically and empirically relevant to tourism demand. Future studies 
may enrich the model with additional indicators such as exchange rates, hotel occupancy rates, online 
search trends (e.g., Google Trends), GDP growth, and global oil prices. 
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Research Stages 
The stages of this research are described as follows: 

1. Preparing the data on the number of international tourist arrivals and their indicators in 

Indonesia from January 2017 to November 2024 

2. Conducting descriptive statistical analysis to observe the characteristics and patterns of the 

data used. 

3. Determining the input variables of the international tourist arrival data in Indonesia for the 

period January 2017–November 2024 using the Partial Autocorrelation Function (PACF) plot. 

The significant lags were identified through t-tests in multiple regression analysis. 

4. Transforming the input variables into a time series format. 

5. Normalizing the data. It was performed to scale the data into a smaller range without altering 

its original characteristics, following Equation (5) 

 

(5) 𝑋𝑛𝑜𝑟 =
minimum range + (𝑋 − 𝑋min )(maximum range − minimum range)

𝑋max − 𝑋min
 

 
6. The dataset comprised 95 observations, which were split chronologically into training and 

testing subsets using an 80:20 ratio. Accordingly, 76 observations were allocated for model 

estimation, while the remaining 19 were reserved for evaluating predictive performance on 

unseen periods. This proportion provides sufficient data for robust parameter estimation 

while ensuring a meaningful horizon for out of sample validation, consistent with established 

forecasting practice (Hyndman & Athanasopoulos, 2021). 

7. Implementing the Support Vector Regression (SVR) method, using three kernel functions: 

Linear Kernel, Polynomial Kernel, and Radial Basis Function (RBF) Kernel.  

8. Selecting the optimal model and evaluating its performance based on error metrics, including 

Mean Square Error (MSE), Root Mean Square Error (RMSE), Mean Absolute Deviation (MAD) 

and MAPE to determine the model with the smallest overall error. 

9. The comparative analysis is conducted by benchmarking the subsequent models with the 

ARIMAX model (Amelia et al., 2021; Chen et al., 2022). 

RESULTS AND DISCUSSION 

In the period January 2017–November 2024, the number of foreign tourist visits averaged 258 
559/month, with a minimum value of 36 064 (June 2021) and a maximum of 499 810 (December 
2018). The BI Rate showed an average of 4.861%/month, recorded a minimum of 3.5% (February 
2021) and a maximum of 6.25% (April–August 2024). Meanwhile, inflation averaged 1.578%/month, 
with a lowest value of 0% (January 2024) and a highest of 5.51% (December 2022).  

Figure 1 shows the progress of foreign tourist arrivals in Indonesia, covering January 2017 to 
early 2025. It clearly illustrates three distinct phases in the tourism sector. During the pre-pandemic 
period (January 2017–early 2020), the number of foreign tourists was consistently high, fluctuating 
between 300 000 and 500 000 per month, exhibiting a clear seasonal pattern. This robust trend was 
violently interrupted in early 2020, plunging the data into the Pandemic Impact Phase (early 2020–
early 2022), where visits dropped drastically and remained stagnant below 100 000 per month, 
representing a significant structural break in the series. Subsequently, the data entered a recovery 
phase starting in early 2022, demonstrating a steady, sustained upward trend and a gradual re-
emergence of monthly fluctuations. While recovery is evident, with monthly figures reaching 
between 300,000 and 375,000 by early 2025, the volume has not yet fully returned to the peak levels 
observed prior to 2020. This non-stationarity, dominated by the pandemic shock, necessitates 
careful handling when applying models like Support Vector Regression (SVR). 
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Figure 1. Time series plot of the number of foreign tourist visits. 

 
Based on the visual analysis of BI rate in Figure 2 and inflation in Figure 3, there is an indication 

of a relationship among foreign tourist arrivals, BI rate, and inflation. A seemingly counter-intuitive 
pattern emerges where a decrease in the BI Rate (for instance, during August 2017–April 2018 and 
mid-2019–mid-2022) is associated with a decline in foreign tourist arrivals. Conversely, an increase 
in the BI Rate (in mid-2018–mid-2019 and mid-2022–2024) is followed by an upward trend in 
foreign tourist arrivals. Furthermore, the tendency for Indonesian inflation to rise at the end of the 
year (with a significant peak in December 2023) theoretically reduces domestic purchasing power. 
However, assuming a stronger foreign exchange rate, the rising inflation can offer a relative 
advantage to foreign tourists, as the cost of living in Indonesia becomes more affordable (the real 
price effect) 

  

 
Figure 2. Time series plot of BI rate. 

 
The forecasting process for the number of foreign tourist arrivals using Support Vector 

Regression (SVR) commences with a crucial step: the determination of input variables for SVR, 
followed by the model fitting and parameter optimization stages. Input variables for the SVR model 
were determined through two primary approaches: (1) The selection of BI Rate and Inflation as 
exogenous economic factors hypothesized to influence foreign tourist arrivals, and (2) The 
identification of temporal lags using Partial Autocorrelation Function (PACF) analysis. The PACF plot 
of the tourist arrivals data identified significant lags at specific intervals, which served as the basis 
for determining the lagged variables included in the SVR model. This approach is analogous to 
identifying the order of an Autoregressive (AR(p)) model, where the PACF plot helps determine 
which past periods, 𝑌𝑡−𝑘 , significantly influence the current data 𝑌𝑡 . 
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Figure 3. Time series plot of inflation. 

  
The PACF plot in Figure 4 indicated significant cut-offs at lags 1, 2, 4, 7, 13, and 23. A subsequent 

multiple regression test was conducted at a significance level of α = 5% to validate the influence of 
these specific lags on the total foreign tourists. The test results showed that lag 1 (|𝑡𝑣𝑎𝑙𝑢𝑒| = 5,720) 
and lag 2 (|𝑡𝑣𝑎𝑙𝑢𝑒| = 2,566) were statistically significant (|𝑡𝑣𝑎𝑙𝑢𝑒| > 𝑡𝛼

2
,89), while lags 4, 7, 13, and 23 

were not significant (|𝑡𝑣𝑎𝑙𝑢𝑒| < 𝑡𝛼

2
,89). Based on these findings, the final SVR input variables selected 

are lag 1, lag 2, the BI Rate, and Inflation.  
 

 
Figure 4. PACF plot. 

 
The prediction of international tourist arrivals was carried out using the Support Vector 

Regression (SVR) method with three kernel functions, namely Linear, Polynomial, and Radial Basis 
Function (RBF). The optimal hyperparameters for each kernel were determined using a grid search 
approach combined with k-fold cross-validation (𝑘 = 3), where the data were partitioned into three 
folds (1/3, 2/3, and 3/3) across multiple iterations. This procedure systematically evaluates various 
combinations of parameters to identify those that yield the best generalization performance. The 
cross-validation score obtained in each iteration reflects the model’s ability to predict unseen data, 
with higher values indicating better performance. The overall objective of this process is to ensure 
that the selected parameters minimize prediction error while maintaining model stability. 

For the Linear Kernel, the parameter tuning process involved 25 iterations with variations in 
the cost parameter (𝐶) and epsilon (𝜀). The results show that lower parameter values, such as 𝐶 =
0.01 and 𝜀 = 0.01, produced relatively low average scores (0.287), indicating limited predictive 
capability. In contrast, higher parameter values, particularly 𝐶 = 0.1 and 𝜀 = 0.01, yielded 
significantly improved performance, with cross-validation scores of 0.912, 0.691, and 0.846 across 
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the three folds, resulting in an average score of 0.816. This indicates that the model achieves better 
generalization when a moderate penalty is imposed on the error term. Consequently, the 
combination 𝐶 = 0.1 and 𝜀 = 0.01 was selected as the optimal configuration for the Linear Kernel, 
with the regularization parameter 𝜆 = 0.01. 

For the polynomial kernel, the tuning process was more extensive, involving 125 iterations and 
incorporating an additional parameter, namely the polynomial degree (𝑑). The results demonstrate 
that parameter combinations with lower complexity, such as 𝐶 = 0.1, 𝑑 = 1 and 𝜀 = 0.01, produced 
an average score of 0.817. However, improved performance was observed at higher parameter 
values, specifically 𝐶 = 10, 𝑑 = 2 and 𝜀 = 0.01, which resulted in cross-validation scores of 0.891, 
0.754, and 0.851 with an average score of 0.832. This indicates that a moderate degree of nonlinearity 
enhances the model’s ability to capture underlying patterns in the data. Therefore, this parameter 
combination was selected as the optimal configuration for the polynomial kernel with 𝜆 = 0.01. 

For the RBF Kernel, the parameter tuning involved three key parameters: cost (𝐶), epsilon (𝜀), 
and gamma (𝛾), across 125 iterations. The results reveal that certain parameter combinations, such 
as 𝐶 = 1, 𝜀 = 100, and 𝛾 = 100, produced negative cross-validation scores, indicating poor model 
generalization and overfitting or underfitting issues. In contrast, the combination 𝐶 = 10, 𝜀 =  0.01, 
and 𝛾 = 0.01 yielded significantly better results, with scores of 0.920, 0.699, and 0.826 across the 
folds, resulting in an average score of 0.815. These findings suggest that appropriate scaling of the 
gamma parameter is essential for controlling the flexibility of the decision boundary in the feature 
space. Thus, this configuration was selected as the optimal parameter set for the RBF Kernel, with 
𝜆 = 0.01. 

Overall, the parameter optimization results demonstrate that the selection of hyperparameters 
plays a critical role in determining the performance of the SVR model. Each kernel requires a specific 
combination of parameters to achieve optimal generalization capability. The selected optimal 
parameters for each kernel were subsequently used during model training and prediction, forming 
the basis for comparing the predictive performance of the Linear, Polynomial, and RBF kernels. This 
process ensures that the final SVR models are constructed using the most appropriate parameter 
configurations, thereby enhancing the reliability and accuracy of the forecasting results. Model for 
each kernel as below, 
a. Linear Kernel with 68 support vector observations: 

 

(6) 

  𝑓(𝑥) =  ∑(𝛼𝑗
∗ − 𝛼𝑗)

68

𝑗=1

(𝐾(𝑥𝑖 , 𝑥𝑗) + 𝜆2) 

𝑓(𝑥) = ∑(𝛼𝑗
∗ − 𝛼𝑗)

68

𝑗=1

(([
0.1110 ⋯ 0.1664

⋮ ⋱ ⋮
0.1190 ⋯ 0.1554

] [
0.5131 ⋯ 0.2102

⋮ ⋱ ⋮
0.1200 ⋯ 0.0841

]

𝑡

) + 0.012𝐽68×19) 

 
b. Polynomial Kernel with 61 support vector observations: 

 

(7) 

  𝑓(𝑥) =  ∑(𝛼𝑗
∗ − 𝛼𝑗)

61

𝑗=1

(𝐾(𝑥𝑖 , 𝑥𝑗) + 𝜆2) 

𝐾(𝑥𝑖  , 𝑥𝑗) = (𝑥𝑖 , 𝑥𝑗
𝑇 + 1)

2
 

𝑓(𝑥) = ∑(𝛼𝑗
∗ − 𝛼𝑗)

61

𝑗=1

(([
0.8380 ⋯ 0.9091

⋮ ⋱ ⋮
0.1621 ⋯ 0.4607

] [
0.5131 ⋯ 0.2102

⋮ ⋱ ⋮
0.1200 ⋯ 0.0841

]

𝑡

+ 1𝐽61×19)

2

+ 0.012𝐽61×19) 

 
c. RBF Kernel with 69 support vector observations: 

 

(8) 
  𝑓(𝑥) =  ∑(𝛼𝑗

∗ − 𝛼𝑗)

69

𝑗=1

(𝐾(𝑥𝑖 , 𝑥𝑗) + 𝜆2) 
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𝐾(𝑥𝑖 , 𝑥𝑗) = exp (−𝛾‖𝑥𝑖 − 𝑥𝑗‖
2

) 

‖𝑥𝑖 − 𝑥𝑗‖
2

= (𝑑(𝑥𝑖 , 𝑥𝑗))
2

 

𝑓(𝑥) = ∑(𝛼𝑗
∗ − 𝛼𝑗)

69

𝑗=1

(exp (−0.01‖𝑥𝑖 − 𝑥𝑗‖
2

) + 0.012) 

 
The prediction results for all three kernel models are illustrated in Figure 5, which presents 

the comparison between actual data and predicted values. Visually, all models demonstrate the 
ability to follow the general pattern of the observed data, including both trend and short-term 
fluctuations. This indicates that the SVR approach, regardless of the kernel used, can capture the 
underlying structure of the time series data. However, slight differences in the smoothness and 
responsiveness of the predicted curves can be observed, reflecting the distinct characteristics of each 
kernel function in modeling data patterns. 

 

 
Figure 5. Comparison of evaluation of SVR kernel performances. 

 
To evaluate quantitatively model performance, three error metrics were employed: Mean 

Square Error (MSE), Root Mean Square Error (RMSE), Mean Absolute Deviation (MAD) and Mean 
Absolute Percentage Error (MAPE). The results of these evaluations for each kernel are summarized 
in Table 1. 

 
Table 1. Accuracy value of prediction results. 

Accuracy Linear Kernel Polynomial Kernel RBF Kernel 
MSE 14,764,415,856.32  3,401,140,779.52 7,857,235,590.63 

RMSE 121,508.91  58,319.30 88,641.05 
MAD 111,351.87 44,565.19 73,609.79 

MAPE 37.60% 12.94% 25.63% 

 
The results demonstrate that the polynomial kernel achieved the best predictive performance 

among the evaluated SVR models. It produced the lowest error values across all evaluation metrics, 
with an RMSE of 58,319.30, MAD of 44,565.19, and MAPE of 12.94%. These results indicate that the 
Polynomial Kernel provides more accurate predictions with smaller deviations between predicted 
and actual tourist arrival values.  

The superior performance of the polynomial kernel indicates that the relationship between 
macroeconomic indicators and tourist arrivals exhibits nonlinear characteristics. By applying 
polynomial feature transformation, the SVR model can capture more complex interactions between 
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BI Rate, Inflation, and tourist arrivals. Therefore, the polynomial kernel provides a more suitable 
representation of the underlying data patterns compared with Linear and RBF kernels. 

Based on the evaluation results, the SVR model using the Polynomial Kernel was selected as 
the optimal configuration for tourist arrival prediction. The obtained MAPE value of 12.94% indicates 
good forecasting accuracy, demonstrating that the model is capable of capturing the nonlinear 
relationship between economic variables and tourism demand.  

The results of the subsequent models are interpreted in comparison with those obtained from 
the ARIMAX model. The identification process of the ARIMAX model resulted in the selection of 
ARIMAX(1,1,1)(BI-Rate,Infl) as the optimal specification based on the lowest Akaike Information 
Criterion (AIC) value. The model successfully incorporated the dynamic behavior of tourist arrivals 
through the AR(1) and MA(1) components, while BI Rate and inflation were included to represent 
the influence of macroeconomic conditions. The diagnostic evaluation indicated that the residuals 
satisfied the white-noise assumption, confirming that the model was statistically adequate for 
forecasting purposes. The general formulation of the ARIMAX(1,1,1) model can be represented as 
follows: 

 
(9) (1 − 1 − 𝜑1𝐵)(1 − 𝐵)𝑌𝑡 = (1 + 𝜃1𝐵) 𝑒𝑡 + 𝛽1𝑋1,𝑡 + 𝛽2𝑋2,𝑡 + 𝑒𝑡 

 
The ARIMAX(1,1,1) model incorporates both temporal dependencies and external economic 

factors. The autoregressive component captures the influence of previous tourist arrival patterns, 
while the moving average component accounts for past forecasting errors. In addition, BI Rate and 
inflation are included as exogenous variables to explain the contribution of macroeconomic 
conditions to tourism demand variations. 

 

 
Figure 6. ARIMAX kernel actual vs predicted. 

 
The forecasting performance of the ARIMAX(1,1,1) and SVR-Polynomial models was evaluated 

using several accuracy metrics, including Mean Absolute Error (MAE), Root Mean Square Error 
(RMSE), Mean Absolute Deviation (MAD), and Mean Absolute Percentage Error (MAPE). The 
comparison results are presented in Table 2. 

 
Table 2. Forecasting performance comparison between arimax and svr-polynomial. 

Model MSE RMSE MAD MAPE 
ARIMAX(1,1,1) 4.109.713.094,16 64.107,04 54.106,17 16.23% 

SVR _Polynomial  3.401.140.779,52 58.319,30 44.565,19 12.94% 

 
The SVR-Polynomial model produced lower error values, with improvements of 17.25% in 

MAE, 9.03% in RMSE, 17.63% in MAD, and 20.33% in MAPE compared with ARIMAX(1,1,1). These 
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results indicate that SVR-Polynomial provides more accurate forecasts and better generalization 
capability for the tourist arrival dataset. 

The superior performance of SVR-Polynomial is attributed to the ability of the polynomial 
kernel to capture nonlinear relationships between economic variables and tourist arrival patterns. 
In contrast, ARIMAX relies on linear temporal dependencies through autoregressive and moving 
average components, which may limit its ability to represent complex nonlinear fluctuations. 
Therefore, the SVR-Polynomial model is considered more suitable for forecasting tourist arrivals in 
this study. 

To construct the tourism forecast for January–December 2025, external macroeconomic 
indicators were incorporated as explanatory variables. Monthly inflation rates published by BPS 
were used as inputs, with values of −0.76% (January), −0.48% (February), 1.65% (March), 1.17% 
(April), −0.37% (May), 0.19% (June), 0.30% (July), −0.08% (August), 0.21% (September), 0.28% 
(October), 0.17% (November), and 0.64% (December). In addition, the BI Rate trajectory was 
included to capture monetary policy effects. The rate began at 5.75% in January 2025, declined 
gradually, and stabilized at 4.75% from September through December, consistent with Bank 
Indonesia’s policy decision recorded on December 17, 2025. These variables were integrated into the 
forecasting model to account for both price-level dynamics and interest rate movements, thereby 
providing a comprehensive representation of external economic conditions influencing tourism 
demand in Table 3 

 
Table 3. Results of prediction and forecasting of foreign tourist visits. 

Month 2025 BI Rate (%) Inflation (%) Tourist Forecast (persons) 
January  5.75 −0.76 292,122 

February 5.75 −0.48 334,163 
March 5.75 1.65 314,720 
April 5.75 1.17 322,513 
May 5.50 −0.37 335,379 
June 5.50 0.19 331,066 
July 5.25 0.30 335,089 

August 5.00 −0.08 346,099 
September 4.75 0.21 357,760 

October 4.75 0.28 356,469 
November 4.75 0.17 353,280 
December 4.75 0.64 353,190 

 
Economic and Strategic Implications of Forecasting Results 

The comparative evaluation demonstrates that the SVR Polynomial Kernel model provides 
more accurate forecasts of international tourist arrivals than the ARIMAX(1,1,1) model. The SVR 
model achieved lower error values, with an MSE of 3,401,140,779.52, RMSE of 58,319.30, MAD of 
44,565.19, and MAPE of 12.94%, compared with ARIMAX, which obtained a MAPE of 16.23%. The 
lower forecasting errors indicate that the nonlinear SVR model is better able to represent the 
complex patterns in tourism demand observed in the dataset. However, these results should be 
interpreted within the scope of the models and data considered in this study. 

From an economic perspective, more accurate forecasts of international tourist arrivals can 
support tourism planning and resource allocation. Forecast information can help tourism 
stakeholders anticipate changes in visitor demand and adjust accommodation capacity, 
transportation services, tourism infrastructure, workforce requirements, and promotional activities. 
The inclusion of inflation and the BI Rate as explanatory variables also provides a means of 
incorporating changes in the domestic economic environment into tourism demand forecasting. 
Thus, the forecasting model can serve as an analytical tool for supporting adaptive planning rather 
than relying solely on historical tourism trends.  

From a resilience perspective, forecasting can help identify potential declines or increases in 
international tourist arrivals at an earlier stage. Tourism is sensitive to external shocks such as global 
economic uncertainty, geopolitical instability, health emergencies, natural disasters, and changes in 
international travel conditions. A forecasting system that incorporates both historical tourism 
patterns and macroeconomic indicators can provide an early indication of changes in tourism 
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demand. This information may support the preparation of alternative strategies, such as adjusting 
tourism promotion, reallocating resources, and preparing contingency measures for periods of 
declining arrivals. In this context, forecasting contributes not only to tourism growth but also to the 
ability of the tourism sector to adapt to external disturbances. 

From a strategic and national perspective, a stable tourism sector can contribute to broader 
economic resilience through foreign-exchange generation, employment, business activity, and 
regional economic development. Therefore, the proposed forecasting approach can be considered a 
quantitative decision-support tool for monitoring tourism conditions and supporting evidence-based 
planning. The forecasting results for 2025, which show monthly tourist arrivals ranging from 
approximately 292,000 to 358,000 visitors, provide an initial reference for anticipating monthly 
demand and adjusting tourism-related capacity and services accordingly. Nevertheless, the model 
should be further evaluated using longer forecasting horizons, additional economic and external 
variables, and alternative machine-learning and time-series models before being applied as a 
standalone basis for policy decisions. 

CONCLUSION 

This study examines the characteristics and forecasts the number of international tourist 
arrivals in Indonesia using the Support Vector Regression (SVR) approach with various kernel 
functions. Between January 2017 and November 2024, the average monthly number of tourist 
arrivals was 258 559 visits, with the lowest recorded in June 2021 (36 064 visits) and the highest in 
December 2018 (499 810 visits). The analysis also reveals that macroeconomic factors, particularly 
the BI Rate and inflation, are closely linked to fluctuations in tourist arrivals. The average monthly BI 
Rate was 4.861%, while the average monthly inflation rate stood at 1.578%. This study demonstrates 
that Support Vector Regression (SVR) with a second-degree Polynomial Kernel is the most effective 
and dependable model for forecasting international tourist arrivals in the Kris dataset. By applying 
StandardScaler for data standardization and Grid Search for hyperparameter optimization, the SVR 
Polynomial model achieved a Mean Absolute Percentage Error (MAPE) of 12.94%, outperforming the 
classical econometric benchmark ARIMAX(1,1,1), which recorded a higher MAPE of 16.23%. 

The novelty of this research lies in the empirical validation of a non-linear machine learning 
approach that more accurately captures the influence of macroeconomic indicators, specifically the 
BI Rate and inflation, on tourism demand. The robustness and precision of the SVR Polynomial model 
highlight its superiority over traditional econometric methods, establishing machine learning as a 
reliable alternative for tourism forecasting. These findings provide strong evidence that advanced 
non-linear models can serve as strategic instruments for national tourism policy, enabling more 
accurate projections and data-driven decision-making. By integrating macroeconomic dynamics into 
predictive modeling, this study contributes to the methodological advancement of tourism 
economics and offers practical implications for policymakers seeking to enhance resilience and 
competitiveness in the tourism sector. 
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