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This research paper examines tourism demand forecasting models using secondary data from international
tourism arrivals. Employing a comparative methodology, the study evaluates multiple forecasting approaches

including ARIMA, SARIMAX, machine learning models, and ensemble techniques on historical tourism demand

data. Secondary data from official tourism statistics (2015-2024) were analyzed to determine optimal forecasting
accuracy. Findings reveal that ensemble methods incorporating multiple data sources outperform single-model
approaches, with SARIMAX models achieving MAPE values of 7.32% when integrated with external data. The
research demonstrates significant improvements in forecasting accuracy when incorporating big data from search

engines and social media platforms. These results provide essential guidance for tourism stakeholders in capacity

planning, resource allocation, and strategic decision-making within an increasingly volatile tourism market.
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1. Introduction

Tourism demand forecasting constitutes a critical

planning tool for destination management
organizations, hospitality operators, and
policymakers seeking to optimize resource allocation
and develop effective marketing strategies [3].
Accurate tourism demand predictions enable
stakeholders to anticipate visitor flows, plan
infrastructure expansion, staffing requirements, and
emergency response protocols [8]. However, tourism
demand exhibits high volatility due to economic
fluctuations, political instability, natural disasters,
and global crises such as pandemics [11].

Secondary data analysis offers advantages for
tourism forecasting research, including cost-
effectiveness, access to comprehensive historical
records, and elimination of respondent bias inherent
in primary data collection. Official tourism statistics,
search engine data, and social media platforms
provide rich secondary data sources enabling
sophisticated forecasting analysis [2]. This study
systematically =~ evaluates  forecasting  model
performance using readily available secondary data,

demonstrating methodology applicable across diverse
tourism destinations.

The research addresses critical gaps in current
tourism forecasting literature by examining how
different data integration approaches affect prediction
accuracy. Specifically, the study compares univariate
time series models against multivariate approaches
incorporating exogenous variables and big data
sources. Results demonstrate that ensemble
forecasting approaches combining multiple models
and diverse data sources significantly outperform
individual model predictions [12].

2. Methodology And Data Analysis

This research employs secondary data from
monthly international tourist arrivals spanning 2015-
2024 (120 observations), sourced from official
tourism ministry databases and World Bank tourism
statistics. Three categories of forecasting models
were constructed and compared: (1) traditional
statistical approaches; (2) machine learning models;
(3) ensemble/hybrid techniques incorporating
multiple data sources.
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ARIMA (Autoregressive Integrated Moving
Average) models served as baseline forecasting
approach. These univariate models utilize historical
tourism demand patterns to generate predictions
without requiring external variables [6]. Monthly
identified  through
autocorrelation analysis, with seasonal differencing
applied to achieve stationarity. Box-Jenkins

seasonal  patterns ~ were

methodology guided model parameter selection,
yielding ARIMA(1,1,1)(1,1,0)12 specifications with
mean absolute percentage error (MAPE) values of
14-16%.

SARIMAX ARIMA with
Exogenous Variables) models incorporated external

(Seasonal

factors including exchange rates, economic
indicators, and seasonal dummy variables [2].
Secondary data from Google Trends search queries
related to destination-specific tourism terms were
integrated as exogenous variables. Results revealed
significant improvements in forecasting accuracy
(MAPE: 8-10%) compared to univariate ARIMA
models, particularly during high-volatility periods
[9].

Machine learning approaches including
Random Forest (RF), Support Vector Regression
(SVR), and Artificial Neural Networks (ANN) were
evaluated. These methods demonstrated superior
performance in capturing nonlinear relationships
between tourism demand and influencing factors [4].
Random Forest models achieved MAPE values of 6-
9% across testing periods, while SVR models showed
variable  performance depending on kernel
specifications. Neural network approaches required
larger datasets and exhibited longer training times but
captured complex patterns effectively.

Ensemble forecasting combined predictions
from multiple individual models through weighted
averaging. Results demonstrated that ensemble
approaches consistently outperformed individual
model predictions, with combined SARIMAX
models incorporating search data achieving MAPE
values of 7.32% [9]. This performance improvement
reflects  diversity  benefits from combining
complementary model strengths [5].

3. Results And Analysis

Comparative model performance analysis
reveals clear patterns in forecasting accuracy. Table 1
presents mean absolute percentage error (MAPE)

values, root mean squared error (RMSE), and mean
absolute error (MAE) across model categories.
Table 1: Forecasting Model
Performance Comparison

Model Type | MAPE | RMSE | MAE | Data

(%) Requirements
ARIMA 15.2 854.3 642.1 | Historical
demand only
SARIMAX | 10.8 542.7 | 4185 | + Seasonal
(basic) patterns
SARIMAX | 7.32 381.2 | 2853 | + Google
I Search Trends data
Data
Random 8.9 467.5 | 356.2 | + Multiple
Forest indicators
ANN Model | 9.5 5124 | 394.7 | + External
variables
Ensemble 6.8 315.2 238.9 | + Multi-source
(SARIMAX data
+ Search)

Statistical testing using Diebold-Mariano tests
confirmed ensemble model superiority, with
significant differences (p<0.05) compared to
individual model approaches. The SARIMAX model
incorporating search engine data demonstrated 52%
improvement in MAPE compared to baseline
ARIMA models.

Critically, forecasting performance varied
significantly during disrupted periods. The COVID-
19 pandemic (2020-2021) disrupted regular seasonal
patterns, causing traditional models to overpredict
demand [1]. Machine learning approaches and
ensemble methods demonstrated greater adaptability
to structural breaks, with neural network models
capturing demand recovery patterns more accurately
than statistical methods.

Temporal analysis revealed that seasonal
patterns dominated tourism demand during pre-
pandemic periods. Search engine query volumes
provided leading indicators of future demand, with 2-
4 week lags between search peak and actual visits.
Integration of social media sentiment from
TripAdvisor and Google reviews marginally
improved forecasting accuracy (MAPE reduction: 1-
2%) [10]. However, computational complexity
increased substantially with multi-source data
incorporation.

4. Discussion And Implications

Results indicate that tourism demand

multivariate  approaches

forecasting  requires
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integrating diverse secondary data sources. Single-
method forecasting approaches prove insufficient for
accurate predictions, particularly during volatile
market conditions. Ensemble methods leveraging
complementary model strengths enable superior
predictive performance while reducing risk of model
specification errors [14].

Search engine data integration represents
critical innovation for tourism forecasting. Google
Trends data reflects traveler search behavior,
capturing forward-looking demand patterns earlier
than historical arrivals data alone. This finding aligns
with broader literature demonstrating internet search
data utility in predicting economic behavior [2].

The research reveals machine learning
approaches' superiority in capturing nonlinear
relationships during periods of demand disruption.
Random Forest and ensemble methods demonstrated
particular effectiveness during COVID-19 recovery
phases when historical patterns provided limited
predictive value. This suggests that forecasting model
selection should consider expected market
conditions—traditional models suffice for stable
periods, while machine learning proves superior
during structural transitions.

Practical implications extend to destination
marketing organizations implementing forecasting
systems. Secondary data availability from tourism
ministries, search engines, and online travel agencies
enables sophisticated forecasting without expensive
primary data collection. Real-time search and social
media data enable dynamic forecast updating,
supporting responsive marketing and capacity
management decisions [7].

5. Conclusions And Recommendations

This research demonstrates that ensemble
forecasting incorporating multiple secondary data
sources significantly improves tourism demand
prediction accuracy compared to traditional
univariate approaches. SARIMAX models with
search data integration achieve approximately 7.3%
MAPE, substantially improving upon baseline
ARIMA performance (15.2% MAPE). These findings
have immediate applicability for tourism stakeholders
requiring accurate demand forecasts supporting
strategic planning.

Key recommendations include: (1) adoption of
ensemble forecasting frameworks combining
statistical and machine learning approaches; (2)
systematic integration of secondary data from search
engines and social media platforms; (3) regular
model re-estimation as new data becomes available;
(4) development of early warning systems based on
search behavior anomalies.

Future research should examine forecasting
across diverse geographic scales and destination
types, explore deep learning architectures for tourism
demand prediction, and investigate multivariate
spatiotemporal  approaches  capturing demand
interdependencies across connected destinations [13].
Additionally, research exploring tourism forecasting
during various crisis scenarios (pandemics, conflicts,
climate events) will enhance model robustness and
emergency preparedness.
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