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Abstract

This study investigates a robust forecasting framework for predicting Malaysia’s
international tourist arrivals by comparing the performance of a classical
Seasonal Autoregressive Integrated Moving Average (SARIMA) model and a
deep learning-based Long Short-Term Memory (LSTM) model. Unlike previous
studies that applied these models individually, this research provides a direct
empirical comparison using recent historical data on international tourist arrivals
to evaluate their suitability for Malaysia’s tourism context. Model accuracy was
evaluated using two statistical performance metrics. The results demonstrate that
both models effectively capture tourism demand patterns, with SARIMA
achieving superior forecasting accuracy (MAPE = 5.31%). The findings offer
new empirical evidence on model performance in tourism demand forecasting
and provide practical insights to support data-driven decision-making and
strategic planning within Malaysia’s tourism sector.
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INTRODUCTION

Malaysia, one of Southeast Asia’s countries, comprises West Malaysia
(Peninsular Malaysia) and East Malaysia. Malaysia is recognized as a fascinating
and affordable tourism destination due to its well-developed tourism
infrastructure, price competitiveness, diversity of races, cultures, and religions,
as well as a variety of food and beverages. The tourism sector is known as a sector
that significantly contributes in stimulating economic growth and indirectly has
made invaluable contributions to the nation's development particularly after the
outbreak of COVID-19.

Nowadays, Malaysian government is exerting significant efforts to
redevelop the tourism sector and improve the quality of tourism services, in line
with their long-term goal to make Malaysia a top-of-mind destination. Moreover,
with strong government support and incentives, the tourism sector has become
significantly more productive than the agricultural sector (Othman & Jizan,
2020). All involved practitioners, as well as the government, must play a vital
role in strategic planning and development. They should also be well prepared to
address the needs of future tourists while ensuring their satisfaction. Tourism
forecasting is an important and essential component in the planning and decision-
making processes, both in business and non-business organizations.

Forecasting can be defined as a statistical process to generate future
values or outcomes by using historical time series data as inputs (Mohd Lip et al.,
2020). A reliable tourism demand forecasting model that provides evidence-
based insights plays an important role in supporting the Malaysian government’s
strategic objectives, as outlined in the Twelfth Malaysia Plan (2021-2025) or
known as 12MP, the National Tourism Policy 2020-2030, and the Shared
Prosperity Vision 2030 (SPV 2030). One of the main focuses in the 12MP is to
restore and revitalize the tourism sector after the impact of the COVID-19
pandemic (MEA, 2019; MOTAC, 2020; EPU, 2021). Through the identification
of patterns and trends within time series data, forecasting serves as a potential
tool for informed decision-making and developing a strategic plan to boost the
performance of the tourism industry and achieve higher profit returns.

A robust forecasting framework can contribute significantly to
sustaining long-term tourism growth across both urban and rural regions.
Accurate projections enable tourism stakeholders to identify growing tourist
hotspots and anticipate future demands, thereby facilitating the planning and
development of essential infrastructure, accommodations, transport networks,
healthcare facilities, community spaces, and other tourism-related amenities.
Moreover, these insights support the goals of SPV 2030, particularly in
empowering B40 communities in urban areas by creating job opportunities and
fostering tourism-related entrepreneurship. In addition, the predictive capacity of
a reliable forecasting model can aid in the formulation of comprehensive
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contingency plans, enabling stakeholders to better manage crises and employ
effective recovery procedures for the tourism sector.

In tourism demand forecasting, there are several variables that can be
used as indicators such as the number of tourist arrivals or number of inbound
tourists, the total receipts, the number of days of stay, and total expenditure.
According to Song and Li (2007), the variable that is commonly used is the
volume of tourist arrivals. Hence, this study utilizes historical data on the volume
of inbound international tourists in Malaysia and applies the Box-Jenkins and
LSTM modelling approaches for forecasting purposes. The main objective of this
study is to identify the best model for forecasting tourism demand in Malaysia.
All analyses are conducted using Python. The predictive accuracy of each model
was computed using RMSE and MAPE to determine the best forecasting model
for the tourism sector.

LITERATURE REVIEW

Future decision-making process for tourism-related businesses are always
correlated with an accurate forecasting model (Witt & Witt, 1995). The
stakeholders involved in these businesses such as governments, regulatory
bodies, researchers, tourism operators, or developers, can make informed
decision, manage financial risks effectively and distribute resources more
efficiently. A review of the literature reveals introduction of numerous
forecasting models that have been improved over time to enhance the
effectiveness of existing forecasting models.

Box-Jenkins model remains widely used and still relevant as an
appropriate forecasting approach. For instance, Peiris (2016) conducted tourism
demand forecasting using the seasonal ARIMA model and found that
SARIMA(1,0,16)(32,0,24),, outperformed other candidate models based on the
forecast accuracy. Similarly, Msofe & Mbago (2019) identified that the
SARIMA(1,1,1)(1,1,2);, model performed effectively in forecasting
international tourist arrivals to Zanzibar. In the context of Malaysia tourism,
Mohd Lip et al. (2020) employed both Holt-Winter model and seasonal ARIMA
model for international tourist arrivals prediction in Malaysia. The researchers
used secondary time series data, which was tourist arrival volumes from
Singapore, Korea, and United Kingdom. Their findings indicated that the
SARIMA model was significantly effective at forecasting tourist arrivals from
Singapore.

In addition, Abu et al. (2021) conducted a comparative analysis
between the Holt-Winters and SARIMA model to identify the most accurate
demand forecasting model for eco-tourism in Pahang. Based on the empirical
results, they concluded that the SARIMA(1,0,0)(1,0,1);, model outperformed
the Holt-Winters model in forecasting tourist arrivals to National Park Kuala
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Tahan, Pahang, Malaysia. Nurhasanah et al. (2022) forecasted the inbound
international tourist’s volume in Indonesia and the results showed that the
SARIMA model provided the most accurate forecasts, as indicated by the lowest
percentage error. Kamisan et al. (2024) compared the performance of SARIMA,
MLP, and a hybrid model to forecast vehicle purchase loan approvals in
Malaysia. Their findings showed that the MLP model outperformed the others,
offering higher accuracy than traditional models like SARIMA, with significant
implications for banking decisions. However, despite its strengths, the SARIMA
model, which is commonly used in time series forecasting, often struggles to
capture complex and nonlinear features in tourism data influenced by behavioural
factors or external shocks, as it assumes a linear relationship within the data (Wu
et al., 2020).

In contrast, the LSTM model, a subclass of Al-based forecasting
methods, is widely used in time series forecasting, particularly for handling
nonlinear patterns and long-term dependencies in the data. In 2018, Li and Cao
employed the LSTM model with two other baseline models to forecast tourism
flow. The outcomes of their study indicated that the LSTM model outperformed
the baseline models. Laaroussi et al. (2020) used the volume of inbound
Moroccan tourists in Morocco as the input for tourism demand forecasting using
LSTM, gated recurrent unit (GRU), support vector regression (SVR) and artificial
neural network (ANN) models. They concluded that the LSTM and GRU models
demonstrated superior performance compared to the other models in this study.
In addition, Hsieh (2021) applied the LSTM, Bidirectional LSTM (Bi-LSTM)
and GRU for tourism demand forecasting in Taiwan. The study identified LSTM
with its variants as the best forecasting model as it provided the lowest MAPE
value. Finally, the study conducted by Mukhtar et al. (2023) also revealed the
LSTM model as an appropriate forecasting model for tourism industry in
Indonesia.

Previous studies have typically evaluated these two baseline models
separately, leaving a gap in understanding how classical linear and modern deep
learning models perform under identical historical data conditions. Addressing
this gap is crucial to determine whether the nonlinear learning capability of the
LSTM model can translate into measurable forecasting improvements over
SARIMA in real-world tourism applications. Therefore, this study conducts a
systematic comparative analysis of SARIMA and LSTM models for forecasting
international tourist arrivals in Malaysia, providing new empirical evidence to
support both academic research and practical forecasting strategies.
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RESEARCH METHODOLOGY

Data

This study utilized monthly historical data on the international tourist arrivals
volume in Malaysia, before the emergence of the COVID-19 outbreaks. The data,
consisting of 242 observations (spanning from January 2000 to February 2020),
was sourced from the Malaysia Tourism Satellite Account, obtained from
MOTAC.

Box-Jenkins Model

In 1970, the Box-Jenkins model was developed by Box and Jenkins and is
recognized as a classical forecasting model. This classical model is divided into
two groups: stationary models (e.g., AR model, MA model, and ARMA model)
and non-stationary models (e.g., ARIMA model and seasonal ARIMA model)
(Montgomery et al., 2015).

The Box-Jenkins model is broadly utilized in the forecasting process
and in line with the current situation. Several modified forecasting models were
designed by maintaining ARIMA model as the base forecasting model (Kumar
& Anand, 2014). According to Hyndman and Athanasopoulus (2018), the
ARIMA model is highly effective for forecasting annual time series data, while
the seasonal ARIMA (SARIMA) model is better suited for high-frequency time
series data (such as daily, weekly and monthly). Since our time series data
consisted of monthly tourist arrivals volume which normally exhibit seasonality
behavior (Kumar & Sharma, 2016), this study focused on utilizing the SARIMA
model for tourism demand forecasting in Malaysia.

This model is an extension of the ARIMA model that incorporates
seasonality (Kumar & Anand, 2014). The seasonal ARIMA model is denoted as
SARIMA(p,d,q)(P, D, Q),, where (p,d,q) and (P, D, Q),, represent the non-
seasonal and seasonal parts, respectively. The parameters p, d and g indicate the
order of autoregressive, degree of non-seasonal differencing and the order of
moving average, respectively. Meanwhile, the parameters P, D and Q denote the
order of seasonal autoregressive, degree of seasonal differencing and the order of
seasonal moving average, respectively, while m represents the seasonal cycle
length.

In this study, the SARIMA model followed an iterative approach
comprising four stages to yield the best fitted model for forecasting. The first
stage is model identification where, three major behaviours of time series data
were identified: stationarity in-mean, stationarity in-variance and seasonality. A
Box-Cox transformation was implemented to check the stationarity in-variance
while the Augmented Dickey Fuller (ADF) test and time plot was used to check
stationarity in-mean. Differencing process was carried out for non-stationary to
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stationary time series transformation. Finally, the Ljung-Box Q test was used to
verify the presence of serial correlation in the time series data.

Next, in stage 2, the model with the smallest AIC wvalue is
acknowledged as the most appropriate forecasting model. In stage 3, diagnostic
checking, the residuals were evaluated using the Ljung-Box Q. Once the final
model was obtained, it was used to forecast the future time series data.

LSTM Model
Achieving a robust forecasting model in tourism demand remains a crucial
challenge for most researchers, particularly when dealing with the non-linear
features of time series data. Based on previous studies, a deep learning approach,
specifically the long short-term memory (LSTM) model can be adopted to handle
the non-linear relationship (Laaroussi et al., 2023). The LSTM model is a
specialized type of recurrent neural networks (RNN) and was designed by
Hochreiter and Schmidhuber in 1997.

According to Li and Cao (2018) and Law et al. (2019), the network in
LSTM consists of a cell and a gating mechanism composed forget gate, input
gate, input modulation gate and output gate which interact with each other. The
three gates (forget, input and output gate) responsible for the signals transfer into
and out of it while the input modulation gate memorizes the values over time
intervals.
The unique function of the input modulation gate enables the LSTM to implicitly
learn repeating or cyclical patterns inherent in the data. In the context of tourism
demand forecasting, the seasonality such as annual peaks or periodic fluctuations
can be captured by the LSTM through its long-term memory state. As the network
processes multiple seasonal cycles during training, it gradually identifies
consistent temporal patterns and learns to associate specific time intervals with
expected changes in the data. Law et al. (2019) describing the general LSTM
equations introduced by Hochreiter and Schmidhuber are given as follows:

Input gate: iy = o(Wyixe + Wyihe_4 + b;) €))
Forget gate: fr = o(Wypx, + Wyshe_y + bf) )
Output gate: 0y = 0 (Wyoxy + Wyohi_1 + by) 3)
Memory cell: ¢t = fr X cp_q + iy X tanh(Wyexy + Wyche—q + b.) (€))
Output: hy = o, X tanh(c;) 5
Input vector: X (6)
The activation functions: tanh, o @)
Learning parameters: W,b 8)

In order to produce an accurate tourism demand forecasting model in
this study, five stages were involved in the implementation of the LSTM. The
first stage was data preparation, during which the historical time series data was
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filtered before being used in the LSTM training process. The second stage
involved data normalization, a widely used technique to improve the LSTM
learning acceleration rate and convergence level. In this process, the input data
was rescaled within the range [0,1] using MinMaxScaler. Next, the data was split
into two parts during the third stage: training data and testing data, based on a
ratio of 80:20 respectively. An 80:20 ratio is commonly adopted as a standard
time series split ratio for datasets of moderate size, as allocating a larger portion
for training ensures that the model sufficiently learns from historical trends to
predict future outcomes. This proportion has been widely applied and
recommended in previous studies on time series forecasting and machine learning
applications, as demonstrated by Zhang et al. (2018) and Makridakis et al. (2021).
Training data is allocated for model training, while testing data is used to evaluate
the model's performance. The fourth stage involved the training process of the
LSTM model.

In order to prevent under-fitting or over-fitting, the hyper-parameters
were modified along the process. Each hyperparameter play an important role in
the operation of each gate, as they determine how effectively and how fast the
gates learn to control the flow of information within the LSTM network. The
LSTM architecture employed in this study was adapted from the preliminary
experiments conducted by Li and Cao (2018) and Law et al. (2019). The optimal
configuration of hyperparameters, which yielded the lowest forecasting error,
was determined through a manual tuning process, commonly referred to as trial-
and-error experimentation. Several combinations of hyperparameters, including
the number of LSTM units, learning rates, and epochs were tested, while the
number of inputs was fixed at one, as this study utilized univariate time series
data. The number of output nodes was also fixed at one, since only one-step-
ahead forecasting was considered in this study. The LSTM model employed the
sigmoid activation function and the Adam optimizer with adaptive moment
estimation were used to facilitate efficient gate learning and gradient stability.
The final configuration, consisting of one input, four LSTM units, and 50 epochs,
produced the most stable training performance. Based on the trial-and-error
results, increasing the number of LSTM units did not significantly enhance
validation accuracy, suggesting that a smaller number of units is sufficient for
datasets with a moderate number of observations (242 data points).

Forecast Accuracy

To validate the performance of SARIMA and LSTM, the Mean Absolute
Percentage Error (MAPE) and Root Mean Square Error (RMSE) values are
utilized. The model with the smallest percentage error is considered the most
appropriate for tourism demand forecasting.
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ANALYSIS AND DISCUSSION

The volume of inbound tourists in Malaysia before the COVID-19 pandemic was
used as the input for both models in this study. There were 242 data; divided into
two categories, 192 data for the training data and 50 data for the testing data. The
training data of the volume of inbound tourists in Malaysia before COVID-19
pandemic is illustrated in Figure 1.

1e6 Arrival

— Arrival

Arrival

0.5

01-01-00 02-01-02 01-03-04 01-04-06 01-05-08 01-06-10 01-07-12 01-08-14
Month

Figure 1: The Training Data of the Volume of Inbound Tourists in Malaysia before

COVID-19 Pandemic
Source: Annual Report of the Malaysian Promotion Board Statistics (2021)

Based on Figure 1, the data plotting exhibits both upward and
downward movements over the given period. Therefore, this time series data can
be classified as non-stationary. The data series also display a linear trend since
the time series data tend to increase for the same month over time. Additionally,
the pattern of this data set exhibits seasonality, characterized by recurring pattern
of fluctuations during specific months each year. Hence, the SARIMA model, a
specific Box-Jenkins model is identified as suitable for this study.

In the parameter estimation process, 31 tentative models of SARIMA
were generated using Python software. SARIMA(2,1,1)(0,1,1),, was chosen as
the best model to forecast the number of tourist arrivals in Malaysia due to its
lowest AIC value. The chosen SARIMA model is formulated as follows:
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(1 + 0.6618B + 0.3217B2)(1 — B)(1 — B12)y, 9)
= (1 + 0.6057B2)(1 — 0.4908B)a,

For the LSTM model analysis, the process of training optimized at 46th
epoch and the value of loss function obtained was 0.5%. The model was over-
fitting starting from 47" epoch and onwards. Based on the observations, the
hyper-parameters able to effectively control the training process.

The performance of SARIMA and LSTM models was evaluated using
RMSE and MAPE. The summary of performance is tabulated in Table 1.
According to [20], both models are classified as highly accurate prediction model
since the MAPE values obtained for both models are smaller than 10%. This is
verified from the MAPE values presented in Table 1. It can be observed that the
SARIMA model performed better than the LSTM model.

Table 1: The performance evaluation of SARIMA and LSTM models

Forecast evaluation SARIMA (2,1,1) (0,1,1)12 LSTM
RMSE 152539.8 182382.0
MAPE 5.3120 6.8123

Source: Author’s Calculation

Figure 2 illustrates the comparison between the actual and predicted
values generated by the SARIMA model. It is evident that the actual values
exhibit a pattern that is nearly identical to the predicted values. As depicted in
Figure 3, the LSTM performed well in fitting the time series data, as the pattern
of predicted values closely matched the pattern of the actual values.
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Figure 2: Actual Value versus Predicted Value using SARIMA Model
Source: Author’s Calculation (2023)
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Figure 3: Actual Value versus Predicted Value using LSTM Model
Source: Author’s Calculation (2023)

The characteristics of the tourism data used in this study contributed to
the superior performance of the SARIMA model over the LSTM model. The data
exhibited a smooth linear relationship and a clear seasonal pattern, which
consistent with SARIMA’s linearity assumption and its ability to capture periodic
fluctuations through autoregressive (AR) and moving average (MA) components.
Moreover, the nonlinear learning advantage of the LSTM model was not fully
exploited in this study due to the moderate size of the tourism dataset, as LSTM
models typically require a large dataset to perform effectively. The findings of
this study align well with existing studies conducted by Zhang et al. (2003), Song
and Li (2007), and Hyndman & Athanasopoulos (2018), which reported that
classical forecasting models, such as ARIMA and SARIMA, often outperform
neural network models when the time series data exhibit stable and linear
seasonal patterns.

CONCLUSION

Based on the results, the SARIMA model produced a smaller percentage error
compared to the LSTM model. This confirms that the traditional SARIMA model
remains a reliable choice for prediction in time series analysis, particularly when
dealing with stable, small to moderate-sized datasets. Although the percentage
error produced by the LSTM model is larger than the SARIMA model, the LSTM
model is still suitable for predicting tourist arrivals in Malaysia, as it achieved an
error value of less than 10%, qualifying it as a highly accurate forecasting model
according to its MAPE value (Lewis, 1982).
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The findings of this study demonstrate that a well-structured tourism
demand forecasting model can be a valuable tool in supporting Malaysia’s future
national development. The insights generated from the model can significantly
contribute to the achievement of goals outlined in the country’s key development
plans. These include promoting sustainable and long-term tourism growth,
advancing digital transformation in the tourism sector or known as smart tourism
(Amir et al., 2020), supporting environmentally responsible planning through net-
zero initiatives, preserving Malaysia’s cultural and historical heritage, and
strengthening the niche of tourism markets. Reliable forecasts can help tourism
practitioners effectively anticipate peak seasons by managing workforce
distribution, allocating resources wisely, and optimizing transportation and
accommodation services to meet the needs of future tourists and visitors. As a
direction for future research, this study proposes extending the model by
combining SARIMA and LSTM to enhance forecasting effectiveness,
particularly for tourism demand in Malaysia.
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