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Tourism management in DI Yogyakarta is vital to ensure tourism benefits local 
communities. A key challenge lies in the uncertainty and spatial 
interdependence of tourist visits among neighboring regions. While the GSTAR 
model captures spatial relationships, its accuracy decreases with outliers, non-
linearity, and assumption violations. To overcome these issues, this study 
integrates GSTAR with machine learning. Using 168 observations of tourist 
visits across DI Yogyakarta’s regencies/cities (January 2010–December 2023), 
GSTAR-GLS-XGBoost model achieved 22–34% lower RMSE than other 
models. Tourist numbers fluctuate greatly, with peaks in May, June, July, and 
December. Practically, these findings can help local governments and 
stakeholders optimize resource allocation, plan promotions, and prepare 
facilities during peak seasons for sustainable tourism management in DI 
Yogyakarta.  
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1. INTRODUCTION 

The tourism sector contributes to increasing foreign exchange earnings, creating jobs, and boosting regional 
economic growth [1]. The Special Region of Yogyakarta (DI Yogyakarta) is one of the main destinations for 
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domestic and foreign tourists [2] [3] [4]. One of the challenges in managing the tourism sector is the uncertainty 
of future tourist arrivals. Therefore, forecasting tourist arrivals is a crucial aspect of strategic planning and policy-
making [5]. Accurate forecasts can help governments and tourism industry players anticipate spikes in tourist 
arrivals. A popular univariate time series model is the ARIMA model. Research [6] predicted the number of 
foreign patients coming to Turkey using the ARIMA approach. Research [7] predicted the number of foreign 
tourists coming to India using the ARIMA model. The ARIMA model was then developed into the Vector 
Autoregressive (VAR) model that is not only influenced by the value of the endogenous variable itself in the past 
but also by the past values of other endogenous variables [8]. In addition to past data patterns, forecasting tourist 
numbers are often influenced by interrelated regional factors (spatial relationships), such as accessibility and cross-
regional promotion [9]. The ARIMA and VAR models cannot accommodate interregional linkages. In the 
GSTAR model, the forecasting of the value of an endogenous variable in a location is not only influenced by past 
data from that location but also by past data from other locations [10] [11]. 

The GSTAR model cannot accommodate outliers and non-linear relationships between variables that can 
cause a decrease in forecasting accuracy [12] [13]. One approach that can be used for forecasting data containing 
outliers and nonlinear relationships between variables are machine learning models, like Support Vector 
Regression (SVR), K-Nearest Neighbors (KNN), and Extreme Gradient Boosting (XGBoost). These models 
have high flexibility in handling various types and patterns of data [14] [15] [16] [17]. Several studies that use 
machine learning models to predict the number of tourists include [18], [19], and [20]. Study [18] found that the 
SVR model predicted domestic tourist visits to Bali accurately, with a MAPE of 9.19%. Study [19] showed that 
the most accurate forecasting of the number of visitors to the Dieng area was when using one nearest neighbor in 
the KNN model with smallest RMSE of 0 in testing data 36. Study [20] showed that tourism forecasting can be 
made accurately using the XGBoost model with a MAPE of 3.92 %. 

Machine learning models do not automatically recognize patterns that frequently appear in time series data. 
In addition, machine learning models are prone to overfitting [21]. Furthermore, machine learning models are 
difficult to interpret. One possible solution is to use a hybrid approach. This approach combines conventional 
models, such as GSTAR and machine learning models. Combining these two approaches can complement each 
other's strengths and weaknesses [22] [23] [24].  Based on the search conducted, no research has been found that 
uses a GSTAR- machine learning (KNN, SVR, and XGBoost) for forecasting the number of tourists in Indonesia, 
especially in the Province of DI Yogyakarta. Research conducted by [25] and [26]  found that spatial hybrid and 
machine learning models can provide better forecasting accuracy than conventional spatial models. This study 
aims to model the number of tourists visiting tourist attractions in cities/regencies of the Province of DI 
Yogyakarta using a hybrid GSTAR-machine learning model. The best model will then be used to forecast tourist 
numbers for several periods ahead. 

 
2. RESEARCH METHOD 
2.1  Data 

The data in this study is the number of tourists visiting to tourist attractions in cities/regencies of the Province 
of DI Yogyakarta. The cities and regencies that are the focus of this study are Yogyakarta, Sleman, Bantul, Kulon 
Progo, and Gunung Kidul. There were 168 observations used with a data period from January 2010 to December 
2023. The research data were sourced from tourism statistics published by the DI Yogyakarta Provincial Tourism 
Office. The data was divided into two parts, namely training data consisting of 151 observations and testing data 
consisting of 17 observations. The training data was used to build the model, while the testing data was used to 
evaluate the forecasting performance of the built model. The variables used were the number of tourists in Kulon 
Progo  (𝑌!"), Bantul (𝑌#"), Gunung Kidul (𝑌$"), Sleman (𝑌%"), and Yogyakarta (𝑌&"). 

 
2.2  Generalized Space-Time Autoregressive (GSTAR) 

The GSTAR model is a forecasting model that can accommodate the influence of endogenous variables 
in one location and other locations in previous periods [27] [28] [29].  Let  
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𝜙+.,  is the autoregressive coefficient for the model in city/regency i, where i=1, 2, 3, 4, 5, 
𝜙!.,  is the space-time coefficient for the model in city/regency i, where i=1, 2, 3, 4, 5, 
𝜀." is the residual model in period t in city/regency i, where i = 1, 2, 3, 4, 5, 
𝑤."is the spatial weighting value between regency i and regency j, where i = 1, 2, 3, 4, 5 and j =1, 2, 3, 4, 5 and i≠j,  
we can write the general form of GSTAR with spatial order 1, autoregressive order p, and five locations is as 
follows: 

 𝒚𝒕 =	∑ 7𝝓𝟎
𝒌 +	𝝓𝟏
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0
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with a total of T observations, equation (1) can be written as follows: 
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The existence of error correlation between equations can cause model coefficient estimators to become 

inefficient and reduce the accuracy of estimates. Therefore, the GSTAR model estimation method used is 
Generalized Least Squares (GLS) [27].  The formula used is as follows [29] [30]: 
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𝜎N.
# is the estimated variance error for the equation at location i, where i = 1, 2, 3, 4, 5, 

𝜎N.C is is the covariance estimate between errors in equations i and j, where i = 1, 2, 3, 4, 5; j =1. 
 
2.3 Support Vector Regression (SVR) 

SVR works by finding hyperparameters that minimize the margin of error, thereby producing a model 
capable of capturing non-linear relationships between input and output variables using an approach known as a 
kernel function. The general function of SVR with the RBF kernel is as follows [16]: 
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𝑠.(𝑥") = 	∑ (𝛼. +D

.1! 𝛼.∗)exp	(−𝛾‖𝑥. + 𝑥"‖# + 𝑏), (4) 
 
where: 
0 < 𝛼. 	, 𝛼.∗ ≤ 𝐶, 
𝛼. and 	𝛼.∗: The dual Lagrange coefficient is obtained by maximizing the optimization function, 
‖𝑥. + 𝑥"‖#: input distance and support vector, 
𝛾: gamma, 𝑏: bias, 𝐶: cost. 
The hyperparameters used are cost, gamma, and epsilon. These three hyperparameters are selected using 

the Optuna library in Python. The most commonly used kernel function is the Radial Basis Function (RBF) [31]. 
In this study, the RBF kernel will be used. The hyperparameter tuning procedure aims to obtain the optimal 
combination of parameters C, 𝞮, and γ that minimize forecasting error. Optuna automatically searches for the 
best parameter values within predefined ranges by iteratively evaluating model performance and minimizing the 
objective function. 
 
2.4 K-Nearest Neighbors (KNN) 

In forecasting, KNN calculates the average target value of the k nearest neighbors based on the distance in 
feature space. The formula for obtaining the target value forecasting is as follows: 

𝑦N" =	
∑ F!G!
"
!#$
∑ F!"
!#$

, 

where: 
𝑦N": predicted value, m: number of features, 𝑦.: target value from neighbor i, k: number of neighbors 

considered, and 𝑤.:: weight of neighbor i based on its distance to point t. 
The hyperparameters used to generate the best forecasting performance are k (the number of nearest 

neighbors used for forecasting), weights (the contribution weight of each neighbor), and metric (the distance 
measurement method, namely Euclidean, Manhattan, or Minkowski). 
 
2.5 Extreme Gradient Boosting (XGBoost) 

XGBoost builds multiple decision trees incrementally, where each new tree attempts to improve upon the 
errors of the previous tree. The parameters of XGBoost are determined to be optimal so that they minimize the 
value of the objective function, which is the sum of the loss and regularization. The loss value relates to how 
different the forecasting results are from the actual data. The regularization value relates to how complex the 
model used for forecasting is. The following is the formula for the XGBoost objective function: 
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where: 

𝐿(") is the objective function in the t-th iteration, ∑ 17𝑦. , 𝑦N.
(")9H

.1!  is a loss function, ∑ Ω(𝑓")4
"1!  is a 

regulation, n is the number of observations used to build the model, and T is the number of leaves in the 
decision tree. 

The Loss function in this study is 17𝑦. , 𝑦N.
(")9 = 	 !

#
17𝑦. − 𝑦N.

(")9. Meanwhile, the regulatory function in this 

study is Ω(𝑓") = 𝛾𝑇 + !
#
𝜆∑ 𝑤C#4

C1! , 
where: 
𝛾 is the gamma parameter, which is a penalty for each leaf (encouraging simple trees), 
𝜆 is the lambda parameter, which is a penalty on the weight (preventing leaf values from becoming too large). 
The final forecasting results with XGBoost can be obtained in the following manner: 
 

𝑦N. = 𝑦N.
(+) +∑ 𝜂𝑤C4

C1! 	, 
 

where: 
𝑦N.: Final forecasting on the i-th observation, 𝑦N.

(+): Initial forecasting, 𝑤C: predicted value on the j-th leaf, and 𝜂: 
Learning Rate that indicates the learning rate for reducing the contribution of each tree. 
 
2.6 Hybrid Model of GSTAR and Machine Learning 

In this study, data scaling or normalization was not applied because all variables used were measured on a 
comparable scale. Moreover, machine learning algorithms can internally handle variations in data magnitude. 
The development of the hybrid GSTAR and machine learning model begins with testing the stationarity of all 
variables using the Augmented Dickey-Fuller (ADF) test [12]. After confirming stationarity, spatial relationships 
among endogenous variables are examined through cross-correlation analysis. A weighting matrix is then 
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constructed using both uniform weighting and inverse distance weighting approaches to represent spatial 
influence structures [28] [29]. The optimal autoregressive order (p) is determined based on the Akaike 
Information Criterion (AIC), followed by the estimation of model coefficients using the GLS method with 
formula (3). Next, several GSTAR-GLS models are compared, and the one with the smallest Root Mean Square 
Error (RMSE) is selected as the best-performing model. The residuals from this optimal GSTAR-GLS model 
are then used to develop a residual forecasting model using a machine learning algorithm. Finally, the hybrid 
model is obtained by combining the predicted values from the GSTAR-GLS model with the residual forecasts 
produced by the machine learning model. The GSTAR and machine learning hybrid model can be written as 
follows: 

𝑌ii",IJ4KL/IMJ/JNL =	𝑌i",IJ4KL/IMJ +	𝑒̂",JNL (5) 

𝑌ii",IJ4KL/IMJ/OPP =	𝑌i",IJ4KL/IMJ +	𝑒̂",OPP (6) 

𝑌ii",IJ4KL/IMJ/QIRSST" =	𝑌i",IJ4KL/IMJ +	𝑒̂",QIRSST" (7) 
 

2.7 Forecasting Performance Evaluation 
The forecasting performance evaluation aims to assess the accuracy of the developed models. The training 

data are used to build the GSTAR-GLS model, from which the residuals are modeled using machine learning 
techniques. The best GSTAR-GLS model is then applied to forecast the dependent variable, while the residuals 
are predicted using SVR, KNN, and XGBoost during the testing period. The final forecasts are obtained by 
combining the GSTAR-GLS predictions with the corresponding residual forecasts as expressed in equations (5) 
to (7). The residuals of these forecasts are then calculated for the testing period, and the Root Mean Square Error 
(RMSE) is computed to evaluate performance. The model with the smallest RMSE value is considered to have 
the best forecasting accuracy.   

 
3. RESULT AND ANALYSIS 
3.1    Overview of the Number of Tourist Visits to Regencies/Cities in the Province of DI Yogyakarta 

Based on Figure 1, it can be seen that during the period of 2010-2023, there was an increase in the number 
of tourists visiting tourist attractions in regencies/cities in the Province of DI Yogyakarta. Despite this upward 
trend, in 2020 and 2021, the number of tourists visiting tourist attractions in cities/regencies in the Province of 
DI Yogyakarta experienced a drastic decline. During the first wave of COVID-19 in March 2020, the Indonesian 
government imposed Large-Scale Social Restrictions (PSBB).  Meanwhile, starting in January 2021, the 
government-imposed Community Activity Restrictions (PPKM) in Java and Bali. These two regulations had an 
impact on the decline in the number of tourists in 2020 and 2021. 

 

 
Figure 1. Number of tourist visits per year in each regency/city 

 
There is also a seasonal pattern in the data on tourist visits to tourist attractions in cities/regencies of the 

Province of DI Yogyakarta. Based on Figure 2, there is a surge in tourist visits to tourist attractions in 
cities/regencies of the Province of DI Yogyakarta every December. The increase in tourist numbers in December 
coincides with the odd semester school holidays, Christmas holidays, and New Year holidays. This regularly 
drives an increase in tourist visits. In addition, an increase also occurs in July in Bantul, Gunung Kidul, and 
Sleman regencies. The increase in tourist numbers in July may be due to the even semester school holidays. 
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(a) Yogyakarta 

 
(b) Kulon Progo 

 
(c) Bantul  

(d) Gunung Kidul 

 
(e) Sleman 

Figure 2. Boxplot of Tourist Visits by Month (a). Yogyakarta City, (b). Kulon Progo, (c). Bantul, (d) 
Gunung Kidul, (e). Sleman 

 
Tourists' decisions to visit a destination are often influenced by the characteristics and popularity of the 

surrounding areas. Tourism promotion, infrastructure development, and perceptions of safety in one region can 
influence perceptions of surrounding regions. Figure 3 shows that the number of tourist visits between 
cities/regencies in the Province of DI Yogyakarta is directly proportional. It means that the higher the number of 
tourist visits in one regency/city, the higher the number of tourist visits in other regencies/cities. The highest 
correlation occurs between the number of tourist visits to Kulon Progo and Sleman, which is 0.794. Meanwhile, 
the lowest correlation occurs between the number of tourist visits to Kulon Progo and Yogyakarta. 

 

 
Figure 3. Scatter Plot of the Number of Tourist Visits between Regencies/Cities in 

the Province of DI Yogyakarta 
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3.2    Development of a Tourist Visit Forecasting Model  

The first step in time series data modeling is to test the stationarity of the data. Table 1 shows the results of 
the stationarity test for all research variables using the ADF test. The results show that the tourist number data in 
all regencies/cities are not stationary at the level. Therefore, the research data needs to be differenced. The p-
value of the stationarity test on the differenced data is less than 0.05. It indicates that the differenced data are 
stationary. 

 
Table 1. Results of the Data Stationarity Test with ADF 

City/ Regency p-value before differencing p-value after differencing 
Kulon Progo 0.127 0.01 

Bantul 0.657 0.01 
Gunung Kidul 0.131 0.01 

Sleman 0.342 0.01 
Yogyakarta 0.478 0.01 

 
The next step is to identify the relationship between the number of tourist visits to cities/regencies in the 

past and the number of tourist visits to cities/regencies in the present. The identification is done using cross-
correlation at lag 1 to lag 12. Table 2 presents the significant lags of the dependent variable at a 5 percent 
significance level. Table 2 shows that tourist visits to cities/regencies of the Province of DI Yogyakarta are entirely 
influenced by tourist visits to other regencies/cities in previous periods. For instance, the number of tourist visits 
to tourist attractions in Bantul Regency in month t shows a significant correlation with the number of tourist visits 
to tourist attractions in several other regions in previous months. Specifically, it is correlated with tourist visits to 
Kulon Progo Regency in the previous 1, 4, 5, 11, and 12 months; to Bantul Regency itself in the previous 1, 4, 5, 
and 12 months; to Sleman Regency in the previous 1, 4, 7, 9, 11, and 12 months; and to Yogyakarta City in the 
previous 1, 7, 9, and 12 months.  

 
 
Table 2. Lags of Dependent Variables that are Significantly Correlated with Dependent Variables in Period t by 

City/Regency 
City/ Regency Lag Kulon Progo Lag Bantul Lag Gunung Kidul Lag Sleman Lag Yogyakarta 
Kulon Progo - 1,12 1,12 1,12 1,4,7,8,9,12 

Bantul 1,4,5,11,12 - 1,4,5,12 1,4,7,9,11,12 1,7,9,12 
Gunung Kidul 1,11,12 1,7,9,12 - 1,7,9,11,12 7,9,12 

Sleman 1,4,5,12 1,4,5,12 1,4,5,12 - 1,4,7,8,9,12 
Yogyakarta 1,4,5,11,12 1,4,5,7,12 1,5,12 1,7,11,12 - 
The determination of the autoregressive (AR) order in this study was carried out using the optimum order 

obtained from the Vector Autoregressive (VAR) model. Based on the calculation results, the smallest AIC value 
was obtained from VAR with an autoregressive order of 5. In addition, in order to accommodate seasonal effects 
in the model, we also used the 12th lag of the dependent variable. The spatial order used in this study is 1. Thus, 
the GSTAR-GLS model in this study is a model that accommodates the effects of lags 1, 2, 3, 4, 5, and 12 of the 
dependent variable using data differencing 1 (I(1)). The model can be written as GSTAR-GLS([1,2,3,4,5,12],1)-
I(1). In this study, two weightings are used, namely uniform weighting and inverse distance weighting. The 
following are the uniform and inverse distance weighting matrices. 
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After determining the weighting matrix, the next step is to estimate the GSTAR model coefficients 

[1,2,3,4,5,12]1-I(1) using the GLS method on the training data using uniform and distance inverse weights. The 
model that produces the smallest RMSE value is selected as the best GSTAR-GLS model. Based on Table 3, 
the model with uniform weights is selected as the best model because it provided the best performance in three 
cities/regencies, while the other two cities/regencies show the best performance results with inverse distance 
weights. This difference shows that the effectiveness of weight types can vary between regions, but overall, uniform 
weights tend to provide the best performance on the analyzed data. The GSTAR-GLS model with uniform 
weights can be seen in equations (8) to (12). 



Zero: Jurnal Sains, Matematika dan Terapan  r 

Hybrid GSTAR-Machine Learning Model for Forecasting Tourist Numbers in Yogyakarta (Gama Putra Danu Sohibien)	 

541 

The existence of spatial correlation can be proven by the significant space-time coefficient at a 5 percent 
significance level. For example, based on equation (8), the number of tourists visiting tourist attractions in Kulon 
Progo Regency in month t is significantly influenced by the number of tourists visiting tourist attractions in other 
cities/regencies in the previous 1, 4, and 5 months. Based on equation (9), the number of tourists visiting tourist 
attractions in Bantul Regency in month t is significantly influenced by the number of tourists visiting tourist 
attractions in other cities/regencies in the previous 12 months. It indicates that there is a potential for people who 
have visited tourist attractions in cities/regencies in DI Yogyakarta to visit other tourist attractions in 
cities/regencies in DI Yogyakarta again 12 months later. 

 
Table 3. RMSE Values of the GSTAR-GLS Model according to Location Weight 

City/ Regency Uniform weight Inverse distance weighting 
Kulon Progo 49506.45 50601.56 

Bantul 175511.14 184982.84 
Gunung Kidul 140556.74 141290.79 

Sleman 201453.86 195926.77 
Yogyakarta 139095.63 135251.66 

 
Kulon Progo 
Δ𝑌#!" = −0.578∗Δ𝑌!,"/! − 0.461∗Δ𝑌!,"/# − 0.354∗Δ𝑌!,"/$ − 0.005Δ𝑌!,"/% + 	0.155Δ𝑌!,"/& −
0.285∗Δ𝑌!,"/!# + 0.00825∗2Δ𝑌#,"/! + Δ𝑌$,"/! + Δ𝑌%,"/! + Δ𝑌&,"/!3 + 0.018752Δ𝑌#,"/# + Δ𝑌$,"/# +
Δ𝑌%,"/# + Δ𝑌&,"/#3 + 	0.0012Δ𝑌#,"/$ + Δ𝑌$,"/$ + Δ𝑌%,"/$ + Δ𝑌&,"/$3−	0.02975∗2Δ𝑌#,"/% + Δ𝑌$,"/% +
Δ𝑌%,"/% + Δ𝑌&,"/%3 − 0.0365∗2Δ𝑌#,"/& + Δ𝑌$,"/& + Δ𝑌%,"/& + Δ𝑌&,"/&3 − 0.0072Δ𝑌#,"/!# + Δ𝑌$,"/!# +
Δ𝑌%,"/!# + Δ𝑌&,"/!#3  

(8) 

Bantul 
Δ𝑌##" = −0.735∗Δ𝑌#,"/! − 0.476∗Δ𝑌#,"/# − 0.235∗Δ𝑌#,"/$ − 0.268Δ𝑌#,"/% − 	0.099Δ𝑌#,"/& +
0.182∗Δ𝑌#,"/!# + 0.06025∗2Δ𝑌!,"/! + Δ𝑌$,"/! + Δ𝑌%,"/! + Δ𝑌&,"/!3 + 0.0712Δ𝑌!,"/# + Δ𝑌$,"/# +
Δ𝑌%,"/# + Δ𝑌&,"/#3 + 	0.001752Δ𝑌!,"/$ + Δ𝑌$,"/$ + Δ𝑌%,"/$ + Δ𝑌&,"/$3 − 	0.016752Δ𝑌!,"/% +
Δ𝑌$,"/% + Δ𝑌%,"/% + Δ𝑌&,"/%3 − 0.026752Δ𝑌!,"/& + Δ𝑌$,"/& + Δ𝑌%,"/& + Δ𝑌&,"/&3 +
0.09075∗2Δ𝑌!,"/!# + Δ𝑌$,"/!# + Δ𝑌%,"/!# + Δ𝑌&,"/!#3  

(9) 

 
Gunung Kidul 
Δ𝑌#$" = −0.486∗Δ𝑌$,"/! − 0.416∗Δ𝑌$,"/# − 0.368∗Δ𝑌$,"/$ − 0.201Δ𝑌$,"/% − 	0.002Δ𝑌$,"/& +
0.158∗Δ𝑌$,"/!# + 0.016252Δ𝑌!,"/! + Δ𝑌#,"/! + Δ𝑌%,"/! + Δ𝑌&,"/!3 + 0.0222Δ𝑌!,"/# + Δ𝑌#,"/# +
Δ𝑌%,"/# + Δ𝑌&,"/#3 + 	0.007752Δ𝑌!,"/$ + Δ𝑌#,"/$ + Δ𝑌%,"/$ + Δ𝑌&,"/$3 − 	0.04052Δ𝑌!,"/% +
Δ𝑌#,"/% + Δ𝑌%,"/% + Δ𝑌&,"/%3 − 0.08075∗2Δ𝑌!,"/& + Δ𝑌#,"/& + Δ𝑌%,"/& + Δ𝑌&,"/&3 +
0.0515∗2Δ𝑌!,"/!# + Δ𝑌#,"/!# + Δ𝑌%,"/!# + Δ𝑌&,"/!#3  

(10) 

 
Sleman 
Δ𝑌#%" = −0.627∗Δ𝑌%,"/! − 0.357∗Δ𝑌%,"/# − 0.137∗Δ𝑌%,"/$ − 0.048Δ𝑌%,"/% − 	0.111Δ𝑌%,"/& +
0.007Δ𝑌%,"/!# + 0.05052Δ𝑌!,"/! + Δ𝑌#,"/! + Δ𝑌$,"/! + Δ𝑌&,"/!3 + 0.0662Δ𝑌!,"/# + Δ𝑌#,"/# +
Δ𝑌$,"/# + Δ𝑌&,"/#3 − 	0.0042Δ𝑌!,"/$ + Δ𝑌#,"/$ + Δ𝑌$,"/$ + Δ𝑌&,"/$3 −	0.131&2Δ𝑌!,"/% + Δ𝑌#,"/% +
Δ𝑌$,"/% + Δ𝑌&,"/%3 − 0.0152Δ𝑌!,"/& + Δ𝑌#,"/& + Δ𝑌$,"/& + Δ𝑌&,"/&3 + 0.1855∗2Δ𝑌!,"/!# + Δ𝑌#,"/!# +
Δ𝑌$,"/!# + Δ𝑌&,"/!#3  

 
 
 
 
(11) 

 
Yogyakarta 
Δ𝑌#&" = −0.365∗Δ𝑌&,"/! − 0.193∗Δ𝑌&,"/# − 0.207∗Δ𝑌&,"/$ − 0.232∗Δ𝑌&,"/% − 	0.104Δ𝑌&,"/& −
0.564∗Δ𝑌&,"/!# − 0.0008252Δ𝑌!,"/! + Δ𝑌#,"/! + Δ𝑌$,"/! + Δ𝑌%,"/!3 − 0.00652Δ𝑌!,"/# + Δ𝑌#,"/# +
Δ𝑌$,"/# + Δ𝑌%,"/#3 − 	0.0112Δ𝑌!,"/$ + Δ𝑌#,"/$ + Δ𝑌$,"/$ + Δ𝑌%,"/$3 + 	0.00252Δ𝑌!,"/% + Δ𝑌#,"/% +
Δ𝑌$,"/% + Δ𝑌%,"/%3 + 0.0082Δ𝑌!,"/& + Δ𝑌#,"/& + Δ𝑌$,"/& + Δ𝑌%,"/&3 + 0.0005∗2Δ𝑌!,"/!# + Δ𝑌#,"/!# +
Δ𝑌$,"/!# + Δ𝑌%,"/!#3  

 
 
 
 
 
(12) 

Note: (*) significant at the 5% significance level 
 

The residual data in the training data period is then used to form machine learning models using SVR, 
KNN, and XGBoost. The best SVR, KNN, and XGBoost models for each city/regency are then used to predict 
residuals in the testing data period. The results of tourist number forecasting from the GSTAR-GLS model are 
then added to the residual forecasting obtained from machine learning (SVR, KNN, and XGBoost) to produce 
hybrid tourist number forecasting. Based on Table 4, the smallest RMSE value for forecasting the number of 



     r                                                                                              E-ISSN : 2580-5754; P-ISSN : 2580-569X 

Zero: Jurnal Sains, Matematika dan Terapan 

542 

tourists to five city/regency tourist attractions was obtained from the GSTAR-GLS-XGBoost model. It indicates 
that the GSTAR-GLS-XGBoost model produces the best forecasting compared to the other three models. A 
visual comparison of the forecasting results between GSTAR-GLS-XGBoost and the actual data in the training 
and testing data periods can be seen in Figure 4. 

 
Table 4. RMSE of GSTAR-GLS, GSTAR-GLS-SVR, GSTAR-GLS-KNN, and GSTAR-GLS-XGBoost 

models by city/regency in DI Yogyakarta Province 
Location GSTAR-GLS GSTAR-GLS-SVR GSTAR-GLS-KNN GSTAR-GLS-XGBoost 

Kulon Progo 49506.450 47688.931 149158.189 41114.391 
Bantul 175511.140 167138.120 440573.776 153264.045 

Gunung Kidul 140556.740 145132.667 339060.334 137047.849 
Sleman 201453.860 178445.684 628865.223 165778.526 

Kota Yogyakarta 139095.630 149360.313 379667.411 116793.225 
Rata-rata 141224.764 137553.143 387464.986 122799.607 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

Figure 4. Time Series Plot of Forecast Results and Actual Data on the Number of Tourists Visiting Tourist 
Attractions in (a) Kulon Progo, (b) Bantul, (c) Guung Kidul, (d) Sleman, and (e) Yogyakarta 

 
The next step is to forecast the number of tourists visiting tourist attractions in cities/regencies of the 

Province of DI Yogyakarta for the next few months using the best model, namely GSTAR-GLS-XGBoost. 
Forecasting is carried out from January 2025 to December 2025. The results of the tourists forecasting number 
visiting tourist attractions in five cities/regencies of the Province of DI Yogyakarta can be seen in Table 5. 
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Table 5. The Forecasting Number of Tourist Visits to Tourist Attractions by City/Regency in DI Yogyakarta 
Province from January 2025 to December 2025 

Year Month Kulon Progo Bantul Gunung Kidul Sleman Yogyakarta 
2025 January 189485 422638 444258 835894 274456 
2025 February 216370 727654 467954 903991 314656 
2025 March 191386 368731 446764 592216 211439 
2025 April  176947 486443 470488 809928 341972 
2025 May 207186 472695 471849 712083 474193 
2025 June 194066 488388 514428 954268 375180 
2025 July 213020 429318 508943 1097817 341384 
2025 August 181745 532298 453350 616347 249589 
2025 September 199791 501864 454011 779903 292809 
2025 October 152774 410228 453054 567343 260633 
2025 November 184229 444852 459247 1013183 453192 
2025 December 210470 465506 421717 1076836 420823 

 
Tourist numbers in the province of DI Yogyakarta are forecasted to be high in May 2025 due to holidays 

such as Labor Day, Vesak Day, and Ascension Day. Surges are also expected in June and July, coinciding with 
school holidays—particularly in Gunung Kidul and Sleman. December is another peak period due to Christmas, 
New Year’s Eve, and school breaks. 

 
4. CONCLUSION 

The number of tourist visits to attractions in DI Yogyakarta has generally increased, although a sharp decline 
occurred in 2020–2021 due to the COVID-19 pandemic. The data reveal clear seasonal patterns, with consistent 
peaks in May, June, July, and December. Tourist activity in each regency is interrelated, as visits are strongly 
influenced by those in neighboring regions, particularly with a 12-month lag indicating annual recurrence. 
Mathematically, the GSTAR-GLS ([1,2,3,4,5,12],1)-XGBoost model provides the best forecasting performance, 
capturing both short-term (lags 1–5) and yearly (lag 12) effects while accounting for spatial interactions among 
directly adjacent regions. The GLS estimation improves efficiency by correcting cross-regional error correlations, 
yielding interpretable parameters that quantify how temporal persistence and spatial influence jointly shape 
tourism flows. Quantitatively, this hybrid model achieves about 22–34% lower RMSE than other models, 
confirming significant gains in predictive accuracy. From a policy perspective, these forecasts enable local 
governments to anticipate tourist surges and manage resources more effectively. Peak periods—particularly May–
July and December—require enhanced crowd management, infrastructure readiness, and coordinated promotion 
across regencies. Although the model assumes stable spatial relationships and relies on historical data, future 
research could integrate additional explanatory variables, dynamic spatial weighting, or deep learning methods to 
further improve forecasting precision. 
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