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ABSTRACT 

Langkawi, a renowned island in Malaysia, is one of the country's main tourist attractions celebrated 
for its natural beauty and unique features. The Covid-19 pandemic significantly affected global 
travel, causing major disruptions and a sharp decline in tourist arrivals. To support economic 
recovery and strategic planning, the state government of Kedah has launched the Visiting Kedah 
2025 programme to encourage tourism, especially to Langkawi. Given this context, it is reasonable 
to forecast an increase in tourist arrivals to Langkawi by 2025. Hence, this study aims to analyse the 
tourist arrival pattern, identify the best forecasting model, and provide monthly forecast value for 
tourist arrivals in Langkawi for the next 13 months. Therefore, the number of tourist arrivals is 
modelled and forecasted using the Seasonal Autoregressive Integrated Moving Average (SARIMA) 
model to have a better understanding towards the trend pattern. This study used the data set of the 
number of tourist arrivals for both domestic and international arrivals from January 2010 until June 
2024, which was obtained from the official website of the Langkawi Development Authority 
(LADA). The best model was chosen based on the lowest value of Akaike’s Information Criterion 
(AIC) and Bayesian Information Criterion (BIC). The SARIMA (0,1,1) (0,1,1)12 model was 
chosen to be the most suitable for forecasting the tourist arrivals in Langkawi from July 2024 to July 
2025. Based on the findings, the forecast value for the number of tourist arrivals is projected to rise 
from 239067.7 in July 2024 to 246778.0 in July 2025.  

 
Keywords: Forecasting, Tourism, Langkawi, ARIMA, Box-Jenkins 

 
1.0 INTRODUCTION 
Tourism can best be described as the use of commercial services for leisure, pleasure, and relaxation while 
spending time away from home, often to explore unfamiliar places (UNWTO, 2025). In simple terms, it 
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refers to people's short-term movement from their homes to temporary destinations for various activities. 
These experiences are generally believed to enhance personal growth and expand one’s understanding of 
different cultures. According to the United Nations World Tourism Organization (UNWTO, 2025), 
international tourism includes any activity where individuals travel outside their home region and stay for 
more than 24 hours. The impact of tourism activities is evident across various sectors of a national 
economy, as they involve both the consumption and purchase of products and services by travellers. 
 
Located approximately 30 km off the northwest coast of Malaysia, Langkawi, in the state of Kedah, is an 
archipelago of 99 duty-free islands. It is one of the most popular islands in Malaysia for tourists to explore 
its beauty that is full of nature. According to the Domestic Tourism Survey, Langkawi Island was selected 
as the top travel destination for both domestic tourists and international tourists visiting Kedah in 2020 
respectively. Parallel to this progress, Langkawi Island is actively marketing itself to become a globally 
recognized tourist destination. Moreover, Langkawi Island is well-known for being a prominent venue for 
well-known sporting events such as the Langkawi International Dialogues (LID), Le Tour de Langkawi, 
Langkawi International Regatta and Langkawi International Maritime and Aerospace (LIMA) (Shariff & 
Abidin, 2020). A popular tourist destination in Langkawi is the geopark that was designated as the United 
Nations Educational, Scientific and Cultural Organisation (UNESCO) Geopark, making it the first geopark 
in Malaysia and Southeast Asia. It generates revenue for the local community while also aiding in the 
preservation of the region’s cultural legacy. Because of its about 500-million-year-old geological history, 
UNESCO awarded it as a Global Geopark in 2007 (Harun et al., 2022). In conjunction, the consistent 
increase in international tourism exposes nations and communities to effects that extend beyond the 
economy to include sociocultural and environmental factors (Al-sakkaf et al., 2022). Hence, the reasons 
why the business owners and operations work as both guarantors of the economy’s stability, particularly 
on the island to boost the local communities’ economic development. Thus, the growth of tourism has 
benefited the local community. 
 
Tourism is one of Malaysia’s largest economic contributors, and Langkawi remains one of the top 
destinations for both local and international visitors. Effective planning and resource allocation are 
essential, and forecasting tourist arrivals allows businesses and governments to adapt to demand 
fluctuations (Zheng & Zhang, 2023). However, unpredictable seasonal factors such as weather, economic 
shifts, and school holidays can affect the accuracy of these forecasts. Although univariate time series 
models are often used for forecasting, not all approaches are sufficiently robust in capturing both trend and 
seasonal components (Alioglu, 2022). The Box-Jenkins methodology, known for its wide application in 
time series forecasting, was adopted in this study. Therefore, this study findings are based on three 
objectives which are to study the tourist arrival pattern in Langkawi, to identify the best model in 
forecasting the number of tourist arrivals in Langkawi and to derive monthly forecast value regarding the 
number of tourist arrivals in Langkawi for the next 13 months. 
 
2.0 LITERATURE REVIEW 
2.1 Tourism Industry in Langkawi 
According to Irwana Omar et al. (2014), Langkawi Island has undergone significant transformation over 
the years—from a quiet tropical island home to farmers and fishermen to a major tourist destination and 
the island’s main source of income. It is reasonable to conclude that Langkawi has developed a strong and 
sustainable tourism economy. Apart from that, Shafikullah and Nayan (2021) has studied the impact of 
tourism activities on the economy of the community in the coastal area of Langkawi Island, Malaysia and 
based on the study, it is stated that the development of Langkawi Island has progressed extreme quickly 
since it was designated as a duty-free port on January 1, 1987 and recognized by UNESCO as the first 
Geopark in Malaysia and Southeast Asia on June 1, 2007. Due to the recognition also, Langkawi has 
gradually attracted more tourists, scientist and environmental enthusiasts (Shariff & Abidin, 2020). 
 
According to the Langkawi Development Authority (LADA), in 2023, the total number of tourist arrivals 
for both domestic and international tourists are 2,587,195 and 223,127 respectively. Majority of the tourist 
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arrivals in Langkawi are contributed from domestic tourists and in 2023, it shows that around 92.1% which 
more than half of the total number of tourist arrivals are coming from the local people. Hence, it can be 
concluded that Langkawi has been chosen as a tourist main place to visit and travel as it shows a big number 
of tourist arrivals from both domestic and international arrival. Mrs. Siti Hajar Yunus, the Deputy Director 
of Tourism Malaysia Northern Region (TMWU) has stated that Penang and Langkawi continue to be well-
liked destinations for Malaysian travelers.  
 
2.2 Impact of Covid-19 on Tourism in Langkawi 
The Covid-19 pandemic’s widespread presence has had a major impact on how people perceive and handle 
travel danger. Not only that, but it has also impacted the paths and avenues of distribution that customers 
take. The global tourism sector has been impacted by the Covid-19 pandemic (Yuzaidi et al., 2022). 
Furthermore, a worldwide alert regarding the outbreak was released, recommending that elderly individuals 
and those with long-term health issues delay any unnecessary travel (World Health organization et al., 
2020). Hence, 96% of the world’s population was affected by an international travel restriction because of 
travel bans (Gössling et al., 2020). The Covid-19 global epidemic is negatively affecting the travel and 
tourist industry as well as the economics of the nations that significantly depend on it, claim Fernández et 
al. (2022). As shown in the statistics of monthly tourist arrivals in Langkawi (LADA), the number of tourist 
arrivals in Langkawi can be seen to have a significant drop starting from March 2020 which define for 
domestic to be from 196,580 in February 2020 to 135,449 in March 2020 and only 6372 in April 2020. 
Moreover, for international tourist arrivals, it is shown to have 58,852 in February 2020 and it began to 
drop to 17,651 in March 2020. Due to the lockdown in March 2020, there are only 47 of tourist arrivals in 
April 2020 and national borders continue to be closed immediately for international travel (Altahir et al., 
2020).  
 
After a while, Covid-19 pandemic can be well controlled with the latest innovations to prevent the 
pandemic from spreading faster from one to another and Malaysia has not taken a long time to take that 
proactive effort to protect the national health system (Tang, 2020). Each day goes by, the number of Covid-
19 cases begin to show a downward trend, and most things slowly seem to be well-organized and structured 
with the proper implementation by the government. After the Malaysian government reopened it’s border, 
Langkawi was become as a pilot destination for the country’s tourism bubble initiative. There are around 
60,504 visitors between September 16 and October 6, 2021, generating RM24.9 million in tourism revenue 
(The Star, 2021). This positive trend indicates a strong resurgence in domestic travel interest despite 
ongoing recovery efforts from the COVID-19 pandemic. The chief executive officer of Langkawi 
Development Authority (LADA), Mr. Nasaruddin Abdul Muttalib stated that up to September 30, the travel 
bubble’s arrivals of tourists brought in RM15.97 million for Langkawi’s tourism sector. This trend is 
enough to be said that people still have the interest to travel to Langkawi even after the pandemic of Covid-
19 and this number of tourist arrivals will keep showing a trend in the future (Astro Awani, 2021). Tourism 
is a significant contributor to Langkawi's economy. Forecasting helps stakeholders anticipate revenue, 
employment needs, and business opportunities, thereby supporting local livelihoods and guiding 
investment decisions (Tang, 2020). 
 
2.3 Forecasting The Number of Tourist Arrivals in Langkawi 
Forecasting techniques can assist host nations in anticipating and meeting tourists’ needs well in advance. 
Apart from that, the process of forecasting involves making precise and optimal forecasts. Forecasting is 
used by many corporate stakeholders for a variety of purposes such as budget planning, quantity projections 
and future cost estimation (Mishra et al., 2021). To plan and market tourism, modelling and predicting the 
number of tourist arrivals are essential. As a result, it is critical for making policy decisions that will 
promote sustainable tourism development (Msofe & Mbago, 2019). A tourism forecasting system can guide 
the preparation and organization of necessary things for tourists by the administration. The forecasting 
method will enable the government to implement the necessary modifications more quickly and effectively 
(González -Rivera et al., 2019).  
 



Volume 14 Issue 1 : Year 2025 
eISSN : 2289 - 6589 
Copyright © UiTM Press, e-Academia Journal of Universiti Teknologi MARA Cawangan Terengganu 

66 

After all, this study findings are based on the Box-Jenkins seasonal autoregressive integrated moving 
average (SARIMA) approach since monthly data on tourist arrivals are more likely assumed to have the 
presence of seasonality and is widely used in the time series data. A time-series data forecasting has made 
extensive use of the ARIMA model and its seasonal extension, SARIMA which can also handle the data’s 
seasonal pattern and behaviors (Adineh et al., 2020). Not only that, although there are many types of 
forecasting models available to use for this kind of time series data, yet there are only few studies that cover 
Box-Jenkins seasonal autoregressive integrated moving average (SARIMA) model for forecasting the 
number of tourist arrivals in Langkawi. The Box-Jenkins approach is extensively utilized in various 
domains, specifically for predicting the cement production, vegetable productivity and life expectancy as 
used by Hamid and Abushaba (2020), Thapa et al. (2022) and Husin and Aziz (2021). Research from 
Mansor and Ishak (2015) has used the Box-Jenkins technique of forecasting, which comprised the 
autoregressive fractionally integrated model (ARFIMA) and the autoregressive integrated moving average 
(ARIMA) model. They also mentioned in the study that the ARFIMA model worked best on the modelling 
arrival of tourists in Langkawi. Moreover, Halim and Muda (2021) have done a study regarding the 
modelling and forecasting the tourism demand in Malaysia using Box-Jenkins and Singular Spectrum 
Analysis. They used secondary data of monthly tourism arrival in the year of 1990 to 2014 and forecasted 
for the next year which is 2015. After all, the study has concluded where Box-Jenkins time series method 
is the best model compared to the singular spectrum analysis.  
 
To sum up, this research aims to clarify the trend patterns of Langkawi’s tourist arrivals, to identify the 
best model of forecasting the number of tourist arrivals and lastly is to forecast the tourist arrivals in 
Langkawi from July 2024 until July 2025. The use of forecasting techniques to reliably estimate tourist 
arrivals is supported by a few studies and this is important for predicting how Langkawi’s tourism sector 
would rebound after the state government has announced the program of ’Visiting Kedah 2025’. Research 
on forecasting the number of tourist arrivals in Langkawi from the year 2024 until 2025 are quite limited. 
To overcome the issue, this research applied the Box-Jenkins methodology to find the best model for 
forecasting the value of tourist arrivals in Langkawi. The following chapter goes into more detail about 
these techniques. 
 
3.0 METHODOLOGY 
All the data came from Langkawi’s tourism official website, LADA. This data consists of monthly data 
from January 2010 until June 2024, totalling 174 samples. This study focuses on a single quantitative 
variable: the number of tourist arrivals, which covers both domestic and international visitors. Descriptive 
analysis is the most straightforward and basic method of describing the specific variable. A trend line graph 
including time series data was useful for this research in observing the monthly tourist arrivals in Langkawi. 
A line graph, which connects points with trend lines, illustrates how the number of tourist arrivals can make 
slight changes over time. 
 
3.1 Box-Jenkins Methodology 
The Box-Jenkins method has been applied in this study to forecast the number of tourist arrivals in 
Langkawi. A methodical way to create and utilize ARIMA models for time series forecasting is the Box-
Jenkins methodology. This model can do the prediction of future data patterns using historical data. In the 
forecasting of time series data, the Box-Jenkins method is directly related to ARIMA models since it is a 
quantitative approach that provides a rigorous approach to model estimation and validation. 
 
3.1.1 Autoregressive Integrated Moving Average (ARIMA) 
ARIMA modelling is a statistical technique that forecasts future trends using time series data, and it is 
helpful especially when the variable’s stationarity assumption is not fully satisfied. It is necessary to 
differentiate the data series to attain stationarity. Autoregressive (AR) and Moving Average (MA) models 
are combined into a single framework by an ARIMA model. ARIMA (p,d,q) is a common representation 
of the model, where d is the number of times that the variable tourist arrival must be differenced to attain 
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stationarity. A simple model case for ARIMA (1,1,1) model can be written as, 1 1 1 1µ φ θ ε ε− −= + − +t t t tw w
, where 𝑤𝑤𝑡𝑡 = 𝑦𝑦𝑡𝑡  −  𝑦𝑦𝑡𝑡−1 serves as the data series’ first difference and is stationary. The values of each 
parameter in the equation are  𝑝𝑝 = 1,𝑑𝑑 = 1,𝑎𝑎𝑎𝑎𝑑𝑑 𝑞𝑞 = 1. The initial difference did not make the sequence 
stationary on certain occasions. Hence, if there is a need for second differencing, the second order series 
would be integrated, where the value of d is two. For example, in ARIMA (1,2,1), the AR and MA models 
were both first order, with p and q equal to one and d equal to two. If the data series has not yet achieved 
the stationarity, continue to apply differencing until the data achieve the stationarity.  
 
The data series will become a Seasonal Autoregressive Integrated Moving Average (SARIMA) model if it 
has a seasonal component. The non-seasonal ARIMA model was known as ARIMA(p,d,q), where p stood 
for the autoregressive (AR) process order, d for the differencing order required for the time series to become 
stationery and q for the moving average (MA) order process. Meanwhile, the seasonal terms (P,D,Q) in the 
ARIMA model could be multiplied by the non-seasonal terms (p,d,q) to form a seasonal ARIMA 
(SARIMA) model. The notation applied was SARIMA (p,d,q)(P,D,Q)[m]  where m is the data’s frequency 
and the capital and lowercase letters denoted the seasonal and no-seasonal parameters of the model, 
respectively (Perone, 2022). For the SARIMA models with seasonal order terms (P,D,Q) and non-seasonal 
order terms (p,d,q), the approximated basic equation was as follows (Yin et al., 2023).  
 
3.1.2 Stages in ARIMA Model Development 
The Box-Jenkins modelling approach is based on three primary phases which consists of model 
identification, model estimation and validation and model application. Thus, all the three steps will be 
explained further in this section.  
 

 
Figure 1: Stages in Box-Jenkins Methodology 

 
Figure 1 illustrates the different stages of the Box-Jenkins Methodology. The first stage, known as model 
identification, involves determining the order of the Autoregressive (AR) and Moving Average (MA) 
components by examining the autocorrelation function (ACF) and partial autocorrelation function (PACF). 
The autocorrelation coefficients (ACs) measured the degree of relationship between the current value of 
time series and its past value at different lags (e.g., lag 1, 2, 3, etc.), while the partial autocorrelation 
coefficients (PACs) measured the degree of association between 𝑦𝑦𝑡𝑡 and 𝑦𝑦𝑡𝑡−𝑘𝑘. Once the time series has been 
transformed to achieve stationarity, the ACF and PACF plots are examined to identify any patterns. If 
PACF shows a sharp cutoff after a few significant spikes while the ACF gradually decays, the data are best 
modelled by an AR (p) process, where p represents the number of significant spikes in the PACF. 
Conversely, if the ACF display a sharp cutoff and the PACF decays gradually, an MA (q) model may be 
appropriate, where q denotes the number of significant spikes in the ACF. 
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Model validation and estimation are done in the second stage. The parameters of the AR and MA orders 
are determined by the model estimate, while the model’s validity is evaluated through model validation. 
The validation procedure consists of three parts which are statistical validation of residual diagnostics, 
parameter validation and model validation. When the residuals are guaranteed to meet the requirements of 
a stationary univariate process, which is the situation when they are normally, randomly and independently 
distributed with mean zero and variance, σ2. To compare the various models, this phase displays a table of 
the goodness of fit statistics using the Ljung-Box Test, Akaike’s Information Criterion (AIC) and Bayesian 
Information Criterion (BIC). To validate the ARIMA models, statistical test such as the Ljung-Box Statistic, 
Akaike's Information Criteria (AIC), and Bayesian Information Criterion (BIC) were used. The Ljung-Box 
test checks if the residuals from a time series model show no autocorrelation at lag (k) by computing chi-
squared value. The hypothesis is, H0: The errors are white noise against H1: The errors are white noise. A 
white noise series has zero autocorrelation at all lags. If the Ljung-Box test fails to reject H0 (p-value > 
0.05), there is no significant serial correlation, meaning the model is adequate.  
 
The AIC measure how well a model fits the data. The model with the lowest AIC is considered to have a 
superior fit. Nonetheless, the principle of parsimony continued to apply when selecting the best model, with 
the model with the least parameters being given the priority. Meanwhile, BIC selects the most accurate out-
of-sample model by balancing complexity and goodness-of-fit. It is similar to AIC but penalizes additional 
parameters more strictly. The best model has the lowest BIC. AIC and BIC are calculated as: 
  

𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑒𝑒(2𝑘𝑘𝑇𝑇 ) ∑ 𝑒𝑒𝑡𝑡2𝑇𝑇
𝑡𝑡=1

𝑇𝑇
 𝐵𝐵𝐴𝐴𝐴𝐴 = 𝑇𝑇

𝑘𝑘
𝑇𝑇
∑ 𝑒𝑒𝑡𝑡2𝑇𝑇
𝑡𝑡=1

𝑇𝑇
 

 
where k the number of estimated parameters (AR, MA and seasonal terms) and T is the number of 
observations. Since BIC and AIC were closely related and because one of their similarities is that the lower 
the BIC value, the better ARIMA model. Once a model meets validation criteria, it can be implemented. 
Otherwise, modifications are needed. The best-fitting Box-Jenkins model, selected based on the lowest AIC 
and BIC values, is used to forecast tourist arrivals in Langkawi. Forecasts are presented either as point 
estimates or within confidence intervals, with the model balancing accuracy and simplicity. 
 
4.0 RESULT AND DISCUSSION 
This chapter presents the findings to achieve the study’s objectives. The analysis included descriptive 
analysis, and the Box-Jenkins methodology. The data on monthly tourist arrivals in Langkawi was divided 
into two, estimation part (January 2010 to August 2018) and evaluation part (September 2018 to June 2024). 
All outputs that were produced were examined to glean crucial information about the number of tourist 
arrivals in Langkawi. 
 
4.1 Trend of The Number of Tourist Arrivals in Langkawi 
This section presents the trend analysis of monthly tourist arrivals in Langkawi, using a time series line 
graph in Figure 2 to visually interpret the patterns. The graph spans from January 2010 to June 2024 and 
serves as the basis for understanding the overall dynamics of tourism on the island. The trend analysis 
reveals several notable patterns, including recurring seasonal fluctuations, long-term growth trends, and 
abrupt interruptions due to external events like the COVID-19 pandemic. 
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Figure 2: The Monthly Series of the Number of Tourist Arrivals in Langkawi 

 
From 2010 until early 2020, the data exhibit a strong and consistent seasonal pattern, characterized by 
distinct peaks and troughs. These peaks typically occur during major holiday seasons, such as the year-end 
school holidays from mid-November to early January, and festive periods including Christmas and New 
Year celebrations. Another increase in tourist arrivals is commonly observed from March to September, 
which aligns with Malaysia’s drier weather conditions. This period is especially appealing for beach 
tourism and outdoor activities, both of which are prominent features of Langkawi's tourism offerings. The 
recurring nature of these patterns highlights the seasonal nature of tourism demand on the island. In addition 
to seasonal variations, the trendline shows a gradual upward trajectory in the number of tourist arrivals over 
the years, suggesting that Langkawi has experienced steady growth in its tourism industry. This growth 
may be attributed to increased marketing efforts, improved infrastructure, and broader recognition of 
Langkawi as a premier tourist destination. The consistent rise in visitor numbers also reflects the island's 
ability to attract both domestic and international tourists due to its unique attractions, such as its UNESCO 
Global Geopark status, duty-free shopping, and a wide range of leisure activities. However, there is a 
noticeable decline in arrivals in 2020, most likely because of an unusual occurrence like the COVID-19 
pandemic. This sharp downturn reflects the immediate impact of nationwide lockdowns, travel restrictions, 
and border closures. The usual seasonal peaks disappear during this period, and the trend becomes highly 
erratic, indicating an unstable recovery phase. While there are signs of gradual recovery post-2020, the 
seasonal patterns are less pronounced and more volatile, reflecting ongoing global uncertainties and 
changes in travel behaviour.  
 
Despite these fluctuations, the post-pandemic trend indicates a slow yet steady rebound in tourist arrivals, 
especially after the implementation of the Langkawi tourism bubble in late 2021. This initiative helped 
restore tourist confidence and signalled a renewed interest in domestic travel. Descriptive analysis confirms 
the presence of seasonality, as the dataset comprises monthly time series data on tourist arrivals. Seasonality 
is a well-known characteristic of tourism trends and can be influenced by various factors such as rainfall, 
temperature, and wind patterns (Alshuqaiqi & Omar, 2019). For example, Jong et al. (2023) noted that 
April and May typically experience the hottest weather in Malaysia, resulting in lower tourist arrivals during 
those months. Conversely, January and December consistently record the highest arrivals due to school 
holidays and festive celebrations. These insights support the use of seasonal forecasting models, such as 
the SARIMA model, to project future tourist arrivals with a reasonable degree of accuracy.  
 
In conclusion, the trend analysis of monthly tourist arrivals in Langkawi underscores both the resilience 
and sensitivity of the tourism sector. It highlights the importance of incorporating seasonal components into 
forecasting models, particularly in the context of post-pandemic recovery planning and future tourism 
development. 
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4.2    Box-Jenkins Methodology 
The Box-Jenkins methodology is widely recognized for its effectiveness in modelling time series data, 
especially in contexts where data exhibit trend and seasonal variations. This section describes the 
application of the Seasonal Autoregressive Integrated Moving Average (SARIMA) model, which is a 
seasonal extension of the standard ARIMA model. In this study, SARIMA is employed to forecast monthly 
tourist arrivals in Langkawi, due to its ability to handle both trend and seasonal components found in 
tourism data. In general, the data series must be assumed to be stationary. Figure 3 and 4 shows the ACF 
and PACF of the data series. 

 
Figure 3: ACF of Tourist Arrivals  

 
Figure 4: PACF of Tourist Arrivals 

   
Figures 3 and 4 display an ACF and PACF series of the tourist arrivals in Langkawi with a gradual decay 
to zero and a PACF series with significant spikes at regular intervals, like lag 12 and lag 24. Consequently, 
it demonstrated the non-stationarity of the series. The correlation strength is indicated by the values on the 
y-axis, which reflect the correlation coefficient and range from 0.0 to 0.8. The series is said not to correlate 
if the lag value is 0.0, whereas a significant positive autocorrelation is indicated if the lag value is 0.8.  
 
According to the ACF plot, significant spikes appear in the initial few lags, suggesting a strong association 
between adjacent observations. The ACF exhibits a slow decrease rather than a rapid drop to zero due to 
the existence of seasonality. Meanwhile, the PACF shows periodic spikes at lag 1 and happens at regular 
intervals like lag 12 and lag 24. Furthermore, a spike at lag 12 indicates a strong correlation between 
observations that are separated by 12 months, pointing to an annual pattern. On the other hand, a spike at 
lag 24 suggests that seasonality endures throughout several cycles. Hence, the PACF pattern points to an 
AR (1)-like structure but the ACF’s non-stationary features may hint that differencing is necessary. Also, 
the p-value for the Augmented Dickey-Fuller (ADF) test was 0.1769, which was more than the alpha value 
which is α = 0.05 and indicated that the series has a unit root. Overall, the series’ non-stationarity is further 
demonstrated by the presence of a unit root. The data series of tourist arrivals in Langkawi must undergo 
differencing until the ACF and PACF plot exhibits no signs of decay to attain stationarity, since the data 
series meets all the requirements for non-stationary data. The data series may be used for forecasting once 
it is stationary.  
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Figure 5: ACF of Tourist Arrivals After Seasonal 

Differencing 

 
Figure 6: PACF of Tourist Arrivals After Seasonal 

Differencing 

Figure 5 shows a gradual decay in the autocorrelations over the delays in the ACF plot. This slow decay 
implies that even after the seasonal component has been eliminated, the series may still exhibit non-
stationarity in the time series. In the meantime, Figure 6 shows the PACF plot displays significant spikes 
at lag 1 and a few more minor spikes during the first few lags, which may imply some short-term 
autocorrelation structure. Additionally, the series exhibited a unit root, as indicated by the Augmented 
Dickey-Fuller (ADF) test p-value of 0.4343, which is greater than α = 0.05. This indicates that a unit root 
still exists, suggesting the time series remains non-stationary. Therefore, non-seasonal differencing must 
be performed to eliminate the non-stationarity from the series. The observed behaviours of the ACF and 
PACF plots after seasonal differencing suggest that the series may still be integrated, implying that non-
seasonal differencing could facilitate the achievement of stationarity. 
 

 
Figure 7: ACF of Tourist Arrivals After Non-

Seasonal Differencing 

 
Figure 8: PACF of Tourist Arrivals After Non-

Seasonal Differencing 

 
Figure 7 and 8 shows that after the non-seasonal differencing, both ACF and PACF plots shows no signs 
of decay. Thus, the series is said to have reached stationarity because order differencing was performed 
where d = 1. Then, SARIMA (𝑝𝑝,𝑑𝑑, 𝑞𝑞)(𝑃𝑃,𝐷𝐷,𝑄𝑄)[12] could be used to carry out the model identification 
phase. To identify the proper SARIMA model, one must look at the lag that was greater than the standard 
error, SE band, in both the ACF and PACF plots in Figure 7 and 8. Significant lags at lag 1, lag 5 and lag 
7 beyond the SE band are shown in the ACF plot in Figure 7. This suggests that there is an MA component 
of order 3, MA (3) in the non-seasonal part. Since d = 1, q = 3 and D = 1, the model identification would 
result in SARIMA  (𝑝𝑝, 1,3)(𝑃𝑃, 1,𝑄𝑄)[12].  
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Meanwhile, the PACF plot in Figure 8 shows three significant spikes at lags 5, 8 and 11, which exceed the 
standard error bands. This demonstrates that there is an AR component of order 3, AR (3) in the time series. 
The seasonal SAR component of the model is also indicated by a rather significant spike at lag 12. Since 
the model would therefore have p = 3, SARIMA (3,1,3)(1,1,1)[12] was determined to be the proper 
SARIMA model.  
 
However, despite these observations, the precision of the associated values p and q in the model cannot be 
guaranteed. To ensure that a well-defined model was not overlooked, several model formulations would be 
calculated. SARIMA (3,1,3)(1,1,1)[12], SARIMA (2,1,2)(1,1,1)[12], SARIMA (1,1,2)(1,1,1)[12], 
SARIMA (1,1,1)(1,1,1)[12], SARIMA (0,1,1)(1,1,1)[12], SARIMA (1,1,1)(0,1,1)[12] and SARIMA 
(0,1,1)(0,1,1)[12] were the seven models proposed. To find out if serial correlation occurred in a time 
series, the p-value was analyzed for each model of the Ljung-Box Test in Table 1. 

 
Table 1: Summary of Ljung-Box Test 

 

 
 
 
 
 
 
 
 
 

 
The Ljung-Box test, which assesses whether the errors in each SARIMA model satisfy the requirements 
for white noise, is summarized in Table 1. If a model’s Ljung-Box test p-value is greater than 0.05, it is 
said to have no serial correlation. Since all seven SARIMA models have a p-value greater than α = 0.05, 
these results led to the acceptance of the null hypothesis, and it can be concluded that all errors are white 
noise. Also, it was determined to satisfy the requirements for identifying the best model, since they were 
sufficient and well-defined.  
 
4.3     Determining the Best SARIMA Model 
After conducting model identification and ensuring stationarity through both seasonal and non-seasonal 
differencing, the next crucial step in the Box-Jenkins methodology is determining the best SARIMA model 
for forecasting the number of tourist arrivals in Langkawi.  
 

Table 2: Summary of AIC and BIC value 
 

 
 
 
 
 
 
 

Model P-value 

SARIMA (3,1,3)(1,1,1)[12] 0.7552 

SARIMA (2,1,2)(1,1,1)[12] 0.7951 

SARIMA (1,1,2)(1,1,1)[12] 0.6605 

SARIMA (1,1,1)(1,1,1)[12] 0.6509 

SARIMA (0,1,1)(1,1,1)[12] 0.4174 

SARIMA (1,1,1)(0,1,1)[12] 0.7867 

SARIMA (0,1,1)(0,1,1)[12] 0.5495 

Model AIC BIC 
SARIMA (3,1,3)(1,1,1)[12] 2166.1 2188.7 
SARIMA (2,1,2)(1,1,1)[12] 2164.0 2181.6 
SARIMA (1,1,2)(1,1,1)[12] 2163.0 2178.0 
SARIMA (1,1,1)(1,1,1)[12] 2161.1 2173.6 
SARIMA (0,1,1)(1,1,1)[12] 2161.6 2171.6 
SARIMA (1,1,1)(0,1,1)[12] 2159.5 2169.5 
SARIMA (0,1,1)(0,1,1)[12] 2159.3 2166.8 
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This involves comparing several candidate models based on their statistical adequacy and performance 
using model selection criteria. The Akaike’s Information Criterion (AIC) and Bayesian Information 
Criterion (BIC) are used as standard model selection tools.  In terms of the selection of the best model, the 
model that contains the lowest value of both AIC and BIC will be chosen as the best model. Table 2 shows 
that SARIMA (0,1,1)(0,1,1)[12]  has AIC and BIC values of 2159.3 and 2166.8 which is the lowest among 
all. This indicates that SARIMA (0,1,1)(0,1,1)[12] is the simplest model that fits the data well. Hence, 
SARIMA (0,1,1)(0,1,1)[12] would be the best model to use in forecasting the number of tourist arrivals in 
Langkawi for the next 13 months since it has the best balance in terms of model fit and complexity.  
 
Forecasting is widely used by corporate stakeholders for various purposes, including budget planning, 
quantity projections, and future cost estimation (Mishra et al., 2021). In the tourism sector, modeling and 
predicting the number of tourist arrivals is crucial for effective planning and marketing. A study by Shabri 
et al. (2020) focused on forecasting monthly tourist arrivals in Langkawi from 2002 to 2016 using ARIMA, 
ANN, DNN, and hybrid models. Their results indicated that the ARIMA (1,0,2)(0,1,1)[12] model was the 
most suitable, as it yielded the lowest Akaike Information Criterion (AIC) value. Similarly, Ahmad et al. 
(2022) found that among several SARIMA models, SARIMA (1,1,0)(0,1,0)[12] was the best for analyzing 
tourist arrival data at the MARDI Langkawi Agro Technology Park. The Box-Jenkins methodology has 
also been widely applied in other countries. For instance, Ibanez & Edradan (2024) identified SARIMA 
(3,1,4)(0,1,2)[12] as the best model for forecasting tourist arrivals in the Philippines. Likewise, Devi et al. 
(2024) reported that the same model was effective in forecasting tourist arrivals in India, based on the 
lowest AIC and Bayesian Information Criterion (BIC) values. 
 
4.4     Forecast the Number of Tourist Arrivals in Langkawi  
The forecast data and model based on SARIMA (0,1,1)(0,1,1)[12] were generated using the Box-Jenkins 
method. Thus, the SARIMA (0,1,1)(0,1,1)[12] model was used to forecast the number of tourist arrivals in 
Langkawi starting from July 2024 until July 2025 in monthly equivalents of 13 months since it was 
determined to be the best model for forecasting. The forecast values of the number of tourist arrivals in 
Langkawi for the upcoming 13 months, from July 2024 until July 2025, are displayed in Table 3 and were 
expressed in a graphical way in Figure 9. 
 

Table 3: Summary of Forecast Values of The Number of Tourist Arrivals in Langkawi 
 

 
 
 
 
 
 
 
 
 
 
 

Together with the lower and higher confidence interval (CI) at 95% intervals generated by applying the 
SARIMA (0,1,1)(0,1,1)[12]  together with its parameters and the data in the dataset, Table 3 displays the 
forecasted number of tourist arrivals in Langkawi for the next 13 months. According to the forecasts, 
Langkawi’s number of tourist arrivals is predicted to experience a steadily increasing trend over the next 
two years starting from July 2024 until July 2025. The interval for December 2024 is especially wide from 
231398.1 to 557061.8 indicates that higher uncertainty during that month. Moreover, the lowest predicted 

Year Month Forecast Low 95 CI High 95 CI 
2024 July 239067.7 142343.5 335792.0 
2024 August 249404.2 136323.2 362485.2 
2024 September 236340.0 108986.0 363694.0 
2024 October 245553.5 105372.3 385734.6 
2024 November 265678.3 113749.0 417607.5 
2024 December 394230.0 231398.1 557061.8 
2025 January 277843.2 104794.7 450891.7 
2025 February 267657.3 84963.2 450351.4 
2025 March 249982.7 58127.3 441838.1 
2025 April 214520.1 13921.4 415118.9 
2025 May 231411.7 22435.2 440388.3 
2025 June 236585.6 19554.4 453616.8 
2025 July 246778.0 15159.4 478396.5 
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value of the number of tourist arrivals at the 95% confidence level is 13921.4, while the maximum would 
be 557061.8. Hence, the predicted value of the number of tourist arrivals in Langkawi at 95% confidence 
interval is between 13921.4 and 557061.8. 
 

 
Figure 9: Forecast of The Number of Tourist Arrivals in Langkawi from July 2024 to July 2025 

 
A line graph representing the time series of the actual number of tourist arrivals values for Langkawi from 
January 2010 to June 2024 is displayed in Figure 9. After that, the line intersects with the forecasted values 
for July 2024 until July 2025. It is forecasted that the number of tourist arrivals in Langkawi will be 
239067.7 in July 2024. By July 2025, it should have steadily increased to 246778.0. As a result, the model’s 
predictions have been steadily increasing. 
 
5.0 CONCLUSION 
Tourism is a vital component of Langkawi’s economic landscape, contributing significantly to employment, 
income generation, and local development. Accurate forecasting of tourist arrivals is essential for strategic 
planning, resource management, and policy formulation, particularly in the context of economic recovery 
and tourism development initiatives such as the Visiting Kedah 2025 programme. This study successfully 
applied the Box-Jenkins methodology, specifically the Seasonal Autoregressive Integrated Moving 
Average (SARIMA) model, to forecast the number of tourist arrivals in Langkawi for the period from July 
2024 to July 2025. The time series analysis of tourist arrival data from January 2010 to June 2024 revealed 
clear seasonal patterns, characterized by consistent peaks during school holidays and festive seasons, 
alongside a significant decline during the onset of the COVID-19 pandemic in 2020. These observations 
validated the presence of trend and seasonal components in the data, justifying the use of the SARIMA 
model for forecasting purposes. Among the seven SARIMA models tested, SARIMA (0,1,1) (0,1,1)12 had 
the lowest AIC and BIC values, making it the most appropriate for forecasting. The model predicts a steady 
increase in tourist arrivals from July 2024 to July 2025, with forecasted values ranging between 13,921.4 
and 557,061.8 at a 95% confidence interval. The number of arrivals is expected to grow from 239,067.7 in 
July 2024 to 246,778.9 in July 2025, indicating a positive trend. These findings suggest a promising outlook 
for Langkawi’s tourism sector, reinforcing the SARIMA model’s effectiveness in providing reliable 
forecasts. Future research could explore additional variables, such as economic factors or policy changes, 
to further enhance prediction accuracy. This study offers valuable insights for the Malaysian government, 
particularly the Ministry of Tourism, Arts and Culture (MOTAC) and the Langkawi Development 
Authority (LADA), by supporting accurate forecasting. These insights can assist in strategic planning, 
resource allocation, marketing initiatives, promotional efforts, and capacity management. 
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