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 This study examined the prediction of monthly international tourist arrivals in 

North Sumatra by combining historical visitation data with Google Trends 

keyword selection in a machine learning framework. Monthly data from 

January 2010 to December 2025 were analyzed. The proposed approach 

constructed temporal features from past arrivals and search-interest features 

from tourism-related keywords grouped into destination, travel-intent, and 

attraction-specific segments. A seasonal naive model was used as the baseline, 

while Random Forest and Gradient Boosting were applied as the main 

prediction models. The results showed that the historical-only Random Forest 

model achieved the best performance among the main forecasting scenarios 

and clearly outperformed the seasonal baseline. The inclusion of all Google 

Trends keywords did not improve prediction accuracy consistently. However, 

the destination segment provided more useful predictive information than the 

other keyword groups. Further keyword selection revealed that Bukit Lawang 

was the most robust single keyword, while a compact subset consisting of 

Danau Toba, Medan, Sumatra Utara, and Bukit Lawang produced the best test 

performance. These findings indicated that Google Trends improved 

forecasting accuracy only when relevant keywords were selected carefully. 
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1. INTRODUCTION 

Tourism has contributed significantly to regional economic development through visitor spending, 

supporting services, and destination-related business activities [1], [2], [3]. For North Sumatra, the ability to 

predict international tourist arrivals has become increasingly important because it can support promotion 

strategies, destination capacity management, and evidence-based tourism planning [4]. However, tourism 

demand is dynamic, as it is influenced by historical visitation patterns, seasonality, and changing travel interest 

over time [5]. These characteristics make tourism forecasting a challenging problem, especially when the target 

series is affected by nonlinear temporal relationships and external shocks such as global health crises [6]. 

https://creativecommons.org/licenses/by-sa/4.0/
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A growing body of research has examined machine learning methods for tourism demand forecasting, 

with considerable advances reported in recent years. Tree-based ensemble methods, particularly Random 

Forest and Gradient Boosting, have been widely applied to capture nonlinear patterns in tourist arrival series 

and have consistently outperformed traditional time-series benchmarks [7], [8]. Almotiri [9] applied Random 

Forest, Gradient Boosting, and ensemble voting models to predict city-level tourist arrivals in Saudi Arabia 

and demonstrated strong temporal holdout performance, highlighting the suitability of ensemble tree-based 

approaches for destination-specific forecasting tasks. Similarly, Wu et al. [10] reviewed big data forecasting 

methods in tourism and hospitality and found that tree-based ensemble models produced accurate and stable 

results across multiple destination contexts. In the Indonesian context, machine learning and time-series models 

have also been used to forecast international tourist arrivals, including studies incorporating structural break 

interventions to account for COVID-19 disruptions and post-pandemic recovery [11]. For North Sumatra 

specifically, research has examined the time-series structure of international arrivals during the pandemic 

period to improve data quality and modeling validity for subsequent forecasting analysis [12]. 

In parallel, the use of internet search data, particularly Google Trends, has gained substantial attention as 

a source of leading indicators for tourism demand [13]–[18]. Botha and Saayman [13] found that Google 

Trends indices provided useful predictive information for forecasting tourism demand recovery in South Africa 

following COVID-19 disruptions, while De Luca and Rosciano [14] demonstrated that transfer function models 

incorporating Google Trends data improved tourism demand predictions for United States tourists visiting 

Italy. Mikulić [15] also emphasized that the use of Google Trends and Baidu Index data in tourism forecasting 

needs careful assessment because their predictive value is not always consistent. Yang et al. [16] showed that 

search-query data can be useful during the pandemic, but its effectiveness depends on timing and destination 

context. In addition to search-query data, tourist-generated online reviews have also been used as internet-

generated predictors in tourism demand forecasting [17]. Hu and Wu [18] further showed that Google Trends 

indices could contribute to forecast combinations in tourism. These findings suggest that internet-generated 

data can support tourism forecasting, but their usefulness depends on data type, keyword relevance, and 

modeling strategy. 

Although studies on tourism forecasting with internet-generated data have continued to grow [13]–[18], 

research focusing specifically on North Sumatra remains limited [3], [11]. Existing studies in similar regional 

contexts generally used a restricted set of digital indicators or focused on different tourism targets, and they 

did not systematically investigate the role of Google Trends keyword segmentation and keyword subset 

selection for forecasting international tourist arrivals [3], [6], [11], [14], [17]. North Sumatra presents a distinct 

forecasting challenge because it hosts internationally recognized attractions including Lake Toba and Bukit 

Lawang that generate differentiated patterns of online search interest, yet empirical evidence on how these 

search signals relate to actual arrival dynamics is limited. This gap indicates that the predictive value of 

segmented Google Trends keywords in the North Sumatra context has not been sufficiently explored. 

Based on the above background, this research intended to develop a machine learning framework for 

predicting international tourist arrivals in North Sumatra by combining historical visitation data with Google 

Trends keyword selection. The objectives of this research were threefold: first, to compare the performance of 

historical-only and Google Trends-augmented models; second, to evaluate the predictive contribution of 

destination, travel-intent, and attraction-specific keyword segments; and third, to identify the most effective 

destination-related keyword subset for improving forecasting accuracy. The novelty of this study lies in its 

integration of a destination-specific keyword segmentation framework with exhaustive keyword subset 

selection within a machine learning forecasting pipeline, applied to a regional destination in Indonesia that has 

received limited attention in the tourism forecasting literature. Unlike previous studies that either used a single 

keyword or adopted all available search terms without systematic evaluation [6], [12]-[17], this study provides 

empirical evidence on which keyword categories and compact subsets most effectively augment historical 

forecasting models for an emerging international tourist destination.  

 

2. METHOD 

Research framework 

 This study employed a machine learning-based framework to forecast monthly international tourist 

arrivals in North Sumatra. As illustrated in Figure 1, the research procedure consisted of five stages: data 

collection, data preprocessing, feature extraction, model development, and model evaluation. The collected 

tourist-arrival and Google Trends data were aligned by month, transformed into historical and search-interest 

predictors, and evaluated through time-series forecasting experiments to determine the best model scenario and 

keyword subset. 
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Figure 1. Proposed research methodology. 

 

Data Colletion 

This study used two main data sources: monthly international tourist arrivals to North Sumatra (2010-

2025) from the Central Bureau of Statistics, and Google Trends data, representing online search interest related 

to tourism in the region. The Google Trends data, collected monthly for the same period, included keywords 

grouped into three segments: destination (e.g., Lake Toba, Medan), travel-intent (e.g., flight to Medan, hotel in 

Medan), and attraction-specific (e.g., Lake Toba tour). A sample of the raw dataset, including the target variable 

and Google Trends features, is shown in Table 1 before preprocessing and feature engineering. 

 

Table 1. Sample of the raw monthly dataset 

Year Month 
Tourist 

Arrivals 

GT_Lake_

Toba 

GT_North

_Sumatra 

GT_Danau

_Toba 
GT_Medan 

GT_Sumatra_

Utara 

GT_Bukit_

Lawang 

2010 Jan 12990 19 9 2 14 16 12 

2010 Feb 13407 20 10 3 13 30 22 

2010 Mar 17649 21 14 4 13 100 34 

2010 Apr 14067 21 8 3 14 21 26 

2010 May 15765 29 12 4 16 27 20 

2010 Jun 17038 31 7 4 17 24 25 

 

 

Data Preprocessing 

The data were first aligned by month and year to ensure temporal consistency between the tourist arrival 

series and Google Trends series. The initial dataset consisted of 192 monthly observations covering the period 

from January 2010 to December 2025. The dataset was checked for duplicate records, format inconsistencies, 

non-numeric values, and missing observations. No missing values were found in the main monthly tourist-

arrival and Google Trends variables. After cleaning, all observations were ordered chronologically to preserve 

the time-series structure.  
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Since the feature engineering stage generated lagged variables and moving-average features, several 

observations at the beginning of the series did not have complete predictor values. In particular, the use of a 

12-month lag required the removal of the first 12 observations before modeling. Therefore, the model-ready 

dataset started from January 2011 and ended in December 2025, resulting in 180 monthly observations. This 

procedure ensured that all lag and moving-average predictors were constructed only from previous 

observations, so that no current or future information was used in the forecasting process. 

Feature Extraction 

Feature extraction was performed using two groups of predictors, namely historical features and 

Google Trends-derived features. The historical features were constructed from the monthly international tourist 

arrival series to capture temporal dependence and seasonal behavior [10], [11]. Specifically, lagged arrival 

features at 1, 2, 3, 6, and 12 months were generated. In addition, two moving-average features were constructed, 

namely a 3-month moving average and a 6-month moving average, both calculated from prior observations 

only.  

The moving-average features were defined as: 

 𝑀𝐴3𝑡  =  
𝑦𝑡−1 + 𝑦𝑡−2 + 𝑦𝑡−3

3
 (1) 

 
𝑀𝐴6𝑡  =  

𝑦𝑡−1 + 𝑦𝑡−2 + 𝑦𝑡−3 + 𝑦𝑡−4 + 𝑦𝑡−5 + 𝑦𝑡−6

6
 

 
(2) 

where 𝑦𝑡 denotes the number of international tourist arrivals at month 𝑡. 

To represent annual seasonality, two cyclical variables were generated from the month index using 

sine and cosine transformations: 

 

 
𝑚𝑜𝑛𝑡ℎ𝑠𝑖𝑛𝑡

= sin (
2πm𝑡

12
) 

 

(3) 

 𝑚𝑜𝑛𝑡ℎ𝑐𝑜𝑠𝑡
= cos (

2πm𝑡

12
) (4) 

 

where 𝑚𝑡 is the month number from 1 to 12. 

 

Google Trends-derived features were constructed for each keyword included in a given scenario. For 

every selected keyword, three lag features and one short-term moving-average feature were generated, namely 

GT_lag1, GT_lag2, GT_lag3, and GT_MA3. The lagged Google Trends variables were used to capture delayed 

search effects, while the moving average was intended to smooth short-term fluctuations in online search 

interest [17]-[20]. The use of diverse feature extraction techniques for internet search query data has also been 

emphasized in tourism demand forecasting research [21]. 

Thus, the feature engineering process combined (1) historical arrival lags, (2) historical moving 

averages, (3) seasonal cyclical features, and (4) Google Trends lag and moving-average features. Since some 

engineered variables required previous observations, the initial rows with incomplete lag or moving-average 

values were removed before model training and testing. 

Table 2 presents a sample of the engineered features used in the forecasting models. The table 

illustrates how the raw monthly variables were transformed into temporal and search-interest predictors before 

model development. 
 

Table 2. Example of feature engineering results 

Month 
Tourist 

Arrivals 

ta_lag

_1 

ta_lag

_12 

ta_MA

3 
month_sin month_cos 

GT_Bukit_

Lawang 

lag1 

GT_Bukit

_Lawang_

MA3 

2011/01 15757 14782 12990 14858 0,5 0,866025404 23 25 

2011/02 17034 15757 13407 14708 0,866025404 0,5 22 23 

2011/03 17138 17034 17649 
15857,6

6667 
1 6,12323E-17 32 25,6667 

2011/04 17192 17138 14067 16643 0,866025404 -0,5 27 27 

2011/05 19133 17192 15765 
17121,3

3333 
0,5 

-

0,866025404 
27 28,6667 

2011/06 18888 19133 17038 17821 1,22465E-16 -1 25 26,3333 

 

Model Development 
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Three forecasting approaches were developed in this study, namely Seasonal Naive, Random Forest, and 

Gradient Boosting. These models were selected to provide a comparison between a simple seasonal benchmark 

and two tree-based machine learning models capable of capturing nonlinear relationships in time-series and 

search-interest data, as commonly applied in recent tourism forecasting studies [19]–[21]. 

The first approach was Seasonal Naive, which served as the baseline model. In this approach, the 

prediction for a given month was set equal to the observed tourist-arrival value from the same month in the 

previous year. Formally, the Seasonal Naive prediction can be written as: 

 𝑦̂𝑡 =  𝑦𝑡 − 12 (5) 

where 𝑦𝑡 denotes the actual number of international tourist arrivals at month 𝑡, and 𝑦̂𝑡 denotes the 

predicted value. This baseline was used to evaluate whether the machine learning models provided meaningful 

gains beyond a simple yearly seasonal repetition [22]. 

The second approach was Random Forest, which is an ensemble learning method based on multiple 

decision trees constructed using the bagging principle [8], [23]. Each tree was trained on a bootstrap sample of 

the training data, and the final prediction was obtained by averaging the predictions of all trees. Random Forest 

was selected because it is able to capture nonlinear dependencies, handle interactions among predictors, and 

remain relatively robust in the presence of noisy or redundant variables, which is particularly relevant when 

using multiple Google Trends-derived features [19]–[21]. In this study, the Random Forest model was 

implemented with 300 trees, a maximum tree depth of 8, and a fixed random state of 42 to ensure 

reproducibility. 

The third approach was Gradient Boosting, which is another tree-based ensemble method, but unlike 

Random Forest, it constructs decision trees sequentially. Each new tree was trained to minimize the residual 

errors generated by the previous ensemble, thereby gradually improving the overall predictive performance 

[23]–[25]. Gradient Boosting was included to compare a boosting-based approach with a bagging-based 

approach in the same forecasting setting. In this study, the Gradient Boosting model was implemented using 

the experimental configuration applied in the forecasting pipeline, with a fixed random state of 42. 

The model development process was conducted using the engineered features described in the 

previous subsection. For each experimental scenario, the corresponding feature matrix was generated and then 

used to train the prediction models. The historical-only scenario used lagged arrivals, moving averages, and 

seasonal cyclical features. The Google Trends-augmented scenarios extended the historical feature set by 

adding segmented search-interest variables and their derived lag and moving-average features. 

To evaluate model stability, the training data were further validated using TimeSeriesSplit with five 

folds, so that each validation fold occurred after its corresponding training fold. This design preserved the 

chronological structure of the time series and avoided information leakage from future observations. The final 

models were then trained on the complete training set and evaluated on the last 24 months of unseen data. 

After the main forecasting comparison was completed, an additional keyword subset selection stage 

was applied within the destination-keyword segment. Because this segment showed the strongest potential in 

the earlier experiments, all non-empty combinations of the eight destination-related keywords were tested. This 

resulted in 255 keyword subsets, each of which was evaluated using the same Random Forest modeling 

framework. The purpose of this stage was to determine whether a compact and relevant subset of Google 

Trends keywords could improve forecasting accuracy beyond the historical-only benchmark. 

Overall, the model development stage was designed as a sequential forecasting comparison. First, the 

Seasonal Naive model was used as a baseline to represent a simple yearly seasonal forecasting approach. The 

Random Forest and Gradient Boosting models were then developed using historical features to evaluate 

whether machine learning models could capture nonlinear temporal patterns more effectively than the baseline 

model. After that, Google Trends-derived features were added to the historical feature set to examine whether 

online search-interest data could improve forecasting accuracy. The Google Trends variables were evaluated 

based on keyword segments, namely destination-related, travel-intent, and attraction-specific keywords. 

Finally, because the destination segment showed the strongest forecasting potential, an exhaustive keyword 

subset-selection process was conducted within this segment to identify a compact group of keywords that 

provided the best forecasting performance. 

 

Experimental Design 

 The experiments were conducted using a time-ordered forecasting design. The last 24 months of the 

dataset were used as the testing set, while the earlier observations were used as the training set. This setting 

allowed the models to be evaluated on the most recent unseen data. 
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Within the training data, validation was performed using TimeSeriesSplit with five folds. This 

procedure preserved the temporal order by ensuring that the validation observations always occurred after the 

corresponding training observations. 

The experiments were organized into several scenarios. The first scenario used only historical 

features. The second scenario added Google Trends-derived features. The Google Trends variables were further 

tested in three segments: destination, travel-intent, and attraction-specific. Another scenario used all Google 

Trends variables together. After the destination segment showed the best potential, an exhaustive subset-

selection experiment was conducted within this segment. Since the destination segment contained eight 

keywords, all non-empty combinations were evaluated, resulting in 255 keyword subsets. 

 

Evaluation Metrics 

  

 

Model performance was evaluated using Root Mean Squared Error (RMSE), Mean Absolute Error 

(MAE), Weighted Absolute Percentage Error (WAPE), and safe Mean Absolute Percentage Error 

(MAPE_safe). These metrics were selected to evaluate prediction error from different perspectives: RMSE 

penalizes large errors, MAE measures the average absolute error in the original unit, WAPE provides a scale-

independent aggregate percentage error, and MAPE_safe avoids division by zero by calculating percentage 

error only for observations with non-zero actual values [26]–[33]. Let 𝑦𝑖  denote the actual number of 

international tourist arrivals, ŷ𝑖 denote the predicted value, and 𝑛 denote the number of observations, and S 

denote the set of observations with non-zero actual values. The metrics were calculated as follows: 

 

 𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑦𝑖  −  𝑦̂𝑖)2

𝑛

𝑖=1

 (6) 

 𝑀𝐴𝐸 =  
1

𝑛
∑|𝑦𝑖  −  𝑦̂𝑖|

𝑛

𝑖=1

 (7) 

 𝑊𝐴𝑃𝐸 =  
∑ |𝑦𝑖  −  𝑦̂𝑖|𝑛

𝑖=1

∑ |𝑦𝑖|𝑛
𝑖=1

× 100% (8) 

 
𝑀𝐴𝑃𝐸_𝑠𝑎𝑓𝑒 =

1

𝑛∗
∑ |

𝑦𝑖  −  𝑦̂𝑖

𝑦𝑖

|

𝑖𝜖𝑆

 × 100% (9) 

 

 

3. RESULTS AND DISCUSSIONS 

Descriptive Analysis 

The monthly series of international tourist arrivals to North Sumatra from 2010 to 2025 showed substantial 

temporal variation. In general, the series reflected recurring seasonal patterns, but it also contained periods of 

sharp decline and recovery. This indicated that tourist arrivals were influenced not only by historical patterns 

but also by external shocks and changing travel interest over time. These characteristics justified the use of 

forecasting models capable of capturing nonlinear patterns and temporal dependence. 

The Google Trends variables also showed different patterns across keyword groups. Destination-

related keywords tended to have more stable fluctuations over time, while several travel-intent and attraction-

specific keywords appeared more volatile. This suggested that not all search-query groups provided the same 

level of predictive information for international tourist arrivals. 

Figure 2 illustrates the monthly pattern of international tourist arrivals in North Sumatra during the 

observation period. 
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Figure 2. Monthly international tourist arrivals in North Sumatra (2010-2025) 

 

Baseline Comparison 

 A Seasonal Naive model was used as the baseline. In this approach, the predicted value for a given 

month was set equal to the observed value from the same month in the previous year. This baseline was selected 

because the target series was monthly and potentially contained yearly seasonality. 

The Seasonal Naive model produced a test Root Mean Squared Error of 5472.72, a test Mean Absolute 

Error of 4663.71, a safe Mean Absolute Percentage Error of 19.70%, and a Weighted Absolute Percentage 

Error of 20.62%. These results served as the benchmark for evaluating whether the machine learning models 

provided meaningful improvements. The baseline errors were substantially higher than those of the machine 

learning models. This indicated that simple yearly repetition was insufficient to capture the dynamics of 

international tourist arrivals in North Sumatra. 

 

Main Forecasting Performance 

 The first main experiment compared historical-only models with models augmented by Google 

Trends-derived features. The results are presented in Table 2.  

 

Table 2. Comparison of the main forecasting scenarios 

No Scenario Model 
Test 

RMSE 
Test 
MAE 

Test 
WAPE 

1 Historical Only Random Forest 3913.07 3236.96 14.31 

2 Historical Only Gradient Boosting 4413.95 3438.94 15.20 
3 Historical + Destination Keywords Random Forest 4056.00 3234.20 14.30 

4 Historical + Destination Keywords Gradient Boosting 4410.63 3300.05 14.59 

5 Historical + Travel-Intent Keywords Random Forest 4302.65 3368.57 14.89 
6 Historical + Travel-Intent Keywords Gradient Boosting 4460.44 3505.26 15.50 

7 Historical + Attraction-Specific Keywords Random Forest 4057.18 3351.00 14.81 

8 Historical + Attraction-Specific Keywords Gradient Boosting 4387.40 3525.34 15.58 
9 Historical + All Google Trends Random Forest 4255.22 3285.81 14.53 

10 Historical + All Google Trends Gradient Boosting 4259.21 3263.52 14.43 

 

The results showed that the historical-only Random Forest model achieved the best overall 

performance among the main scenarios, with a test Root Mean Squared Error of 3913.07. This model also 

clearly outperformed the Seasonal Naive baseline, reducing the Root Mean Squared Error by 28.50%. The 

historical-only Gradient Boosting model also outperformed the baseline, but its performance remained below 

that of Random Forest. 

When Google Trends-derived features were included, the improvement was not consistent across all 

scenarios. Among the segmented Google Trends experiments, the destination keyword segment produced the 

most promising results. In this scenario, the Random Forest model yielded slightly lower Mean Absolute Error 

and Weighted Absolute Percentage Error than the historical-only model, although its Root Mean Squared Error 

remained slightly higher. By contrast, the travel-intent, attraction-specific, and all-keywords scenarios did not 

outperform the historical-only Random Forest model in a consistent manner. 
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Segment-Based Evaluation of Google Trends 

 The segment-based analysis showed that the usefulness of Google Trends depended strongly on the 

type of keyword being used. Among the three keyword groups, destination-related queries provided the most 

informative external signal. This was likely because searches involving destination names such as Lake Toba, 

Medan, North Sumatra, and Bukit Lawang were more closely related to destination awareness and travel 

consideration. 

In contrast, travel-intent keywords such as flight to Medan, hotel in Medan, and Kualanamu airport 

did not improve the prediction results. One possible explanation was that these queries were too broad or not 

sufficiently specific to actual international arrivals in North Sumatra. Similarly, the attraction-specific segment 

was not strong enough to improve performance consistently. 

These findings indicated that the predictive value of Google Trends could not be assumed simply from 

the availability of search data. Because the destination segment showed the strongest potential, it was further 

examined through keyword subset selection. 

 

 

 

Keyword Selection within the Destination Segment 

 Since the destination segment showed the best potential, an additional keyword-selection experiment 

was conducted within this group. All non-empty combinations of the eight destination-related keywords were 

evaluated, resulting in 255 subsets. The purpose of this experiment was to determine whether a compact subset 

of keywords could provide better predictive performance than the full destination segment. The best results are 

presented in Table 3. 

Table 3. Keyword selection within the destination segment 

Model Setting Keywords 
Test 

RMSE 
Test 

MAE 
Test 

WAPE 

RMSE 

Improvement vs 

Historical Only 

Historical Only + Random Forest – 3913.07 3236.96 14.31 – 
Historical + Random Forest GT_Bukit_Lawang 3859.43 3187.31 14.09 +1.37% 

Historical + Random Forest GT_Danau_Toba, 

GT_Medan, 

GT_Sumatra_Utara, 

GT_Bukit_Lawang 

3788.96 3131.16 13.84 +3.17% 

 

The keyword-selection results demonstrated that the predictive value of Google Trends depended 

strongly on the selected keywords. The single keyword GT_Bukit_Lawang reduced the Root Mean Squared 

Error to 3859.43, improving the historical-only Random Forest benchmark by 1.37%. This result showed that 

even one carefully selected keyword could provide useful external information. The visual comparison of 

actual and predicted values for the selected models is shown in Figure 3. 

 

 
Figure 3. Actual and predicted tourist arrivals on the test set for the selected Random Forest models. 

 

The best test performance was obtained from a four-keyword subset consisting of GT_Danau_Toba, 

GT_Medan, GT_Sumatra_Utara, and GT_Bukit_Lawang, which reduced the Root Mean Squared Error to 

3788.96. This corresponded to an improvement of 3.17% over the historical-only Random Forest model. The 
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same subset also produced the lowest Mean Absolute Error and Weighted Absolute Percentage Error among 

the evaluated models. 

These results suggested that keyword selection was more important than simply increasing the number of 

Google Trends variables. When all keywords were used simultaneously, the prediction accuracy did not 

improve. However, when a compact and relevant subset was selected, measurable forecasting gains were 

achieved. 

 

Discussion 

The findings of this study indicate that historical visitation dynamics remained the dominant predictor of 

international tourist arrivals in North Sumatra. This can be seen from the strong performance of the historical-

only Random Forest model, which outperformed most of the Google Trends-augmented scenarios. The result 

suggests that past arrival patterns, seasonal behavior, and short-term movement captured through lag and 

moving-average features already contained substantial predictive information The result suggests that past 

arrival patterns, seasonal behavior, and short-term movement captured through lag and moving-average 

features already contained substantial predictive information [34]–[36]. Therefore, although external digital 

indicators can provide additional information, historical tourist-arrival data still played the central role in 

forecasting monthly international arrivals in this study.  

The contribution of Google Trends was found to be conditional rather than automatic. Including all 

Google Trends variables did not consistently improve forecasting accuracy, indicating that a broad set of search 

keywords may introduce redundancy, irrelevant variation, or noise into the model. This finding supports the 

importance of keyword selection before using search-interest data as forecasting predictors. In this study, 

destination-related keywords provided more useful information than travel-intent and attraction-specific 

keywords because they were more directly associated with destination awareness and general interest in North 

Sumatra. In contrast, travel-intent and attraction-specific keywords may have been too broad, too narrow, or 

less directly connected to aggregate international tourist arrivals.  

The subset-selection results further confirmed that the predictive value of Google Trends depended on 

the relevance of the selected keywords. Bukit Lawang emerged as the most robust individual keyword, while 

the compact subset consisting of Danau Toba, Medan, Sumatra Utara, and Bukit Lawang produced the best 

forecasting performance. This result shows that using more search terms does not necessarily improve model 

accuracy. Instead, a smaller but more relevant keyword subset can provide additional predictive value beyond 

historical features. Overall, these findings demonstrate that Google Trends can be a valuable complementary 

predictor for tourism forecasting, but its effectiveness depends strongly on keyword segmentation and careful 

keyword selection.  

 

 

4. CONCLUSION 

This study investigated the prediction of monthly international tourist arrivals in North Sumatra by 

combining historical visitation data with Google Trends keyword selection in a machine learning framework. 

In line with the research objectives stated in the Introduction, the results and discussion confirmed that the 

predictive value of Google Trends depends on keyword segmentation and careful keyword selection rather 

than on the simple inclusion of all available search terms. The results showed that the historical-only Random 

Forest model achieved the best performance among the main forecasting scenarios and clearly outperformed 

the Seasonal Naive baseline. This indicated that historical visitation dynamics remained the strongest predictor 

in the current setting. 

The experiments also showed that the inclusion of Google Trends did not improve forecasting 

accuracy consistently when all keywords were used together. However, the segment-based analysis revealed 

that destination-related keywords provided more useful predictive information than travel-intent and attraction-

specific keywords. Further keyword selection demonstrated that Bukit Lawang was the most robust single 

keyword, while a compact subset consisting of Danau Toba, Medan, Sumatra Utara, and Bukit Lawang 

produced the best test performance. These findings indicated that Google Trends was useful as a 

complementary predictor only when relevant keywords were selected carefully. 

This study contributed by showing that the predictive value of Google Trends depended on keyword 

segmentation and subset selection rather than on the inclusion of a large number of search terms. From an 

application perspective, the proposed forecasting framework can support tourism planners and local tourism 

authorities in monitoring destination-related online search interest as an additional signal for tourism demand 
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planning, which is relevant to tourism economic planning and destination-related business activities [35]. This 

study was limited to two machine learning models and a restricted set of external variables. Future research 

may extend this work by incorporating additional external variables, evaluating more forecasting models, and 

applying interpretable machine learning techniques to better understand feature contributions. The framework 

may also be applied to other regional tourism destinations to examine whether similar keyword-selection 

patterns occur in different destination contexts. 
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