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Abstract

Tourism is one of the most important industries of the Greek economy and is a key to economic growth. In 2019,
27.53 million tourists arrived in hotel and camping accommodations of the country. While these arrivals help the
economic growth of the country, there is a need to meet the expectations of tourists in the context of the provided
services. The tourism industry should make investments in the infrastructure of the destinations in order to
accommodate and manage the tourist flows. These investments include transportation services, logistics,
accommodation and health services. Therefore, different methods have used tourism industry data to come up
with accurate forecasts of tourist arrivals. The research on tourism demand supports decision making bodies to
develop and improve practices that contribute to tourism development. The main aim of the paper is to provide
time series forecasting models of tourist arrivals in Greece in order to assist decision making bodies and
stakeholders to develop and improve practices that contribute to tourism development. Moreover, this paper
aims to contribute to the research field of tourism demand forecasting with a case study that concerns Greece.
Historical data of tourist arrivals to the Ionian Islands, obtained from ELSTAT for the time period 2010-2018,
have been used in the time series forecasting models used in this research.
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many applications and experiments were developed
1. Introduction with other important time series models such as the

exponential smoothing and the Naive method.
Tourist arrivals are an essential factor to understand  Besides, tourism forecasting has been implemented
the tourism demand industry and its trends. Accurate  with econometric models which are highly accurate.
forecasts of tourism demand are necessary for  Also, in the past decades, many applications involved
stakeholders so that they can organize an efficient  Artificial Intelligence (AI) methods. Especially, Neural
plan to properly distribute their resources. Tourism Networks (NN) and Support Vector Machine (SVM)

demand forecasting has attracted research attention  have been widely used for tourism demand forecasting
in the recent years. Many methods have been (Xuetal., 2016).

developed in order to produce an optimal model that . . . .
has an accurate forecasting performance. Most Many studies have been conducted involving tourism

applications are concerned with time series models  in Greece. There are two research approaches used in
that aimed to forecast the tourist flows. The models ~ the context of the tourism industry. One approach
that are mostly utilized are ARIMA and SARIMA, yet ~ Concentrates on tourism patterns and impacts of
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tourism development, demonstrating the reshaping of
the local socio-economic system due to the tourism
market. The other approach concentrates on the
attributes that influence the tourism industry and the
attributes that are influenced by tourism such as
infrastructure services, tourist agencies, and
entrepreneurs (Galani-Moutafi, 2004).

In the 90s and 00s, the scope of research was to
propose changes that were about to emphasize the
natural, cultural, and historical resources or even the
development of alternative types of tourism along
with the application of forecasting tourism demand
methods (Galani-Moutafi, 2004). These studies have
focused mainly on islands or areas with summer
tourism (Koutras et al., 2016).

This study aims to highlight the importance of
forecasting and the accurate evaluation of the results
in order to create an efficient plan for the distribution
of tourism flows in Greece. In addition, this paper
attempts to contribute to the forecasting field
predicting the tourist arrivals to the islands that are in
great demand which has not been done by other
authors and the forecasts involve periods with
complex problems such as migration flows, economic
crisis and pandemics. From a modelling scope, this
study attempts to provide a model that can generate
efficient forecasts. The predictions of this research
are on a monthly basis. It can be useful for the
development of short-term planning for the
stakeholders and those who work in the tourism
sectors in order to better organize their services. In
addition, more accurate and consistent results can be
achieved with monthly data since it consists of a large
number of observations, and the fluctuations that
concern seasonality are more easily observable. Lastly,
the research can be generalized for other countries
including EU countries since the models generate
accurate results.

2. Literature review

Tourism demand forecasting involves quantitative and
qualitative approaches. Qualitative approaches are
based on information derived from human opinions
and experiences (Xu et al., 2016; Abellana et al., 2020).
These approaches are not efficient for generalization,
therefore, are not commonly utilized for research
purposes. Yet, they are very efficient in some cases
which involve the understanding of the connections
between the demand and the factors which make
tourists choose a certain destination (Xu et al., 2016;
Abellana et al., 2020). On the other hand, quantitative
tourism demand forecasting models are based on
mathematical approaches involving numeric data.
These models have the scope to predict future values
that depend on past performances (Abellana et Al.,
2020). Also, forecasting models have focused on both
long-term and short-term forecasts. Short-term
forecasts are daily predictions. The decision regarding

which is the best forecasting method depends on the
specific case (Bi et al., 2020).

There is no single model that outperforms other
models for all problems (Claveria et al., 2013). Instead,
the optimal model depends on the particular problem
to be solved and the available data.

The quantitative forecasting methods can be
categorized into three main categories: Time series
models, Al models, and econometric approaches (Peng
etal., 2014).

2.1. Time series models

Time series models are based on historical data (Song,
2019). They are a sequence of data points, divided in
time intervals. The basic concept of time series
analysis involves the past state of patterns which will
continue into the future (Rathnayaka et al., 2016).
Through these models, scientists attempt to recognize
the trends, slopes, and the seasonality of a time series
(Song, 2019). When a specific pattern occurs in a time
series, time series models can generate future values
(Song, 2019; Alvarez-Diaz et al., 2019). Besides, time-
series models are widely used by the researchers
because they require less time and less cost to come up
with accurate results (Alvarez-Diaz et al., 2019).

Time series forecasting can be utilized in many fields
such as pattern recognition, engineering, finance, etc.
As a result of the applicability and the highly volatile
behavior of the data in the past decades, many studies
have focused on improving the time series forecasting
models or combining many models to produce a
hybrid optimal model (Rathnayaka et al., 2016).

Time series models can be divided into two categories:
the basic models and the advanced models (Song,
2019). The basic models include Naive methods and
exponential smoothing. These models are easy to
implement and have a great ability to display patterns
through data points (Song, 2019). Also, the advanced
models include ARIMA and SARIMA which have been
widely used in many applications. Time series models
have been extensively used in tourism demand
forecasting (Song, 2019; Petrevska, 2017; Claveria &
Torra, 2014). Yet, the most dominant method is the
ARIMA (or SARIMA) concerning the tourism demand
forecasting (Chu, 2008; Du Preez & Witt, 2003;
Claveria & Torra, 2014; Song, 2019).

2.2. Evaluation metrics

The performance of every forecasting model needs to
be measured and evaluated (Goh & Law, 2002). There
are many methods and metrics which are utilized to
measure the accuracy and to interpret the error (Goh &
Law, 2002). The mean absolute percentage error
(MAPE), the mean-squared error (MSE), and the root-
mean-squared error (RMSE) have been extensively



utilized in this literature. The key to an efficient
evaluation of a model is the minimization of the error
(Goh & Law, 2002).

The equation for the MAPE is displayed below.

ZI(AI - Fr)/A1|

n (1)

Where At is the actual value of period t, Ft is the
forecasted value in period t and n is the number of
periods.

3. Methodology

The tourism sector plays a highly important role for
Greece. The main objective of this research is to make
long-term estimations about tourism demand in
Greece by introducing several time-series models.
With this objective, we aim to improve the forecasting
of tourism demand in Greece and to contribute to the
research in this scientific field in order to support the
tourism and the associated industries.

The main aim of the research is to provide
quantitative results in terms of forecasts about the
trends for tourism demand in Greece during the
summer period and to determine the peak periods.
Moreover, the paper aims to find which time-series
model serves the best in every case. The predictions of
this research are on a monthly basis. It is more
interesting to predict monthly tourism demand data
rather than yearly. Also, it can be useful for the
development of short-term planning for the
stakeholders and those who work in the tourism
sectors in order to better organize their services.

For the scope of this research, the data that has been
utilized includes tourist arrivals. The datasets include
data on monthly tourist arrivals of natives and
foreigners for the period between January 2010 and
December 2018. The datasets concern the prefecture of
the Ionian Islands that is a summer destination. The
datasets are collected from ELSTAT, the Hellenic
Statistical Authority, which is an authority for sharing
statistical inferences and data observing several rules
and patterns.

The R studio was selected as the implementation tool,
because it provides a lot of functionality useful for
time-series analysis. The general layout of the
methodology consists of two steps. The first step
involves the data cleaning. The second step is the
implementation of every implemented model on the
dataset. This research has focused on forecasting
monthly tourist arrivals. The experiments aimed to
train the models with data from January 2010 to
December 2018 and then forecast the monthly arrivals
of 2019. The methods that have been utilized in this
research are presented below.
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3.1. Naive/Seasonal Naive

For naive forecasts, the procedure is to set all the
forecasted values to be one of the last observations.
For seasonal naive, the procedure is the same as
above, with the difference that the last observed value
from the same season of the year is set as the
forecasted value. Naive 1s:

Fr = x¢—y

Where F: is the forecasted value at time t and x: is the
observed value at time t.

3.2.  ARIMA models

ARIMA is one of the widely used methods in the
tourism industry and is a method that usually
generates accurate results. In this method, a series is
changed to covariance stationary conditions and after
that, it is identified, assessed, analyzed and
forecasted. The ARIMA is written as ARIMA (p,q,d)
where p expresses autoregression, d differencing and
q is for moving average. The model that has been
utilized in this research is SARIMA (seasonal ARIMA).
It has the form SARIMA (p,q,d)(P,Q,D) where the
capitalized letters stand for the seasonal components.

The moving average models average the data
adjusting some weights to each value of N values (Goh,
2011). The value of N is based on a certain series and its
content. For example, N=12 when the series contains
annual data (Goh, 2011).

The original dataset for tourist arrivals at the Ionian
Islands is shown in Figure 1. Besides the seasonal
component, a large drop can be observed in 2015. In
2015 in Greece there was a situation concerning
limitations on banking systems. Also, another factor
that influenced tourist arrivals was the migration
flows. In 2015 in Greece, massive arrivals of refugee
inflows were observed (Kasimati, 2016).

These inflows could potentially have impacts on
tourist arrivals since many infrastructures that
accommodate refugees are based on islands such as
Chios or Lesvos. Assuming that those situations had
impacts on tourism demand in 2015, the decrease in
tourist arrivals which is displayed in Figure 1 could be
explained.

From the adftest function which stands for
augmented Dickey—Fuller test in order to check the
stationarity of the time-series a p-value is generated
for the Ionian dataset. The p-value is 0.01<0.05 which
means that the series is stationary. The year 2015 was
considered an outlier. The transformed time series
after the data cleaning is shown in Figure 2.
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Figure 1. Tourism arrivals in the Ionian Islands (Original Series)
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Figure 2. Tourism arrivals in the Ionian Islands (Fitted series)

Some limitations were encountered. As it was
observed, 2019 was the year with the most tourist
arrivals from all the periods for which data was
collected. Also, there is an increase through the years
up to 2019, with 2019 to be the most profitable year in
terms of arrivals. This increase was not recorded
through the training phase so it is assumed that there
will be a difference in forecasted values and the actual
values since the values of 2019 were never observed
from the models.

Another limitation is the difficulty to make forecasts
concerning the year 2020. Coronavirus has impacted
millions of lives on earth (Sigala, 2020). One of the
many impacts is that Greece has very small rates on
tourism arrivals this year due to Covid-19 and
pandemic situation (OECD, 2020). Involving 2020 to
the forecasting horizon could bring low MAPE rates
since the actual value of 2020 would be much lower
than the forecasted value given the fact that the model
had not been trained with such values. In other words,
we can call 2020 an “outlier” year and especially for

forecasting problems, so it was decided not to be
utilized as a test set, since this could yield small
accuracy rates.

4. Results

The experiments involve 12-month predictions. The
12-month forecasts concern the year 2019.

The seasonal Naive, and SARIMA for different values
of (p,q,d)(P,Q,D) were utilized at the dataset. 108 data
points were utilized for training purposes which were
the monthly arrivals between 2010 and 2018. The next
12 data points were used as a test set. The decision of
the best model that serves every case is based on the
evaluation criteria and the accuracy metrics. Firstly,
the model selection for every pair of parameters at
ARIMA model was chosen based on the smaller MAPE.
The optimal models are the seasonal ARIMA
(1,0,3)x(0,1,1)» and the Naive method with the
smallest MAPE. The 12-month predictions for every
model are shown in Figures 3, 4 and 5, respectively
and the figures display the existing time series along
with the predicted year in blue colour. Previous studies
of forecasting are synthesized in order to rank the
forecasting models to their average MAPE. The
seasonal Naive method gave MAPE equal to ~19%
which is an acceptable error rate. This error rate shows
that the forecasted values are close enough to the
actual values which means that both models
performed well in this case. This could also be seen
from the figures since the forecasted curve is quite
close to the previous observations. In addition, ARIMA
(1,0,3)x(0,1,1)> and ARIMA(1,0,2)x(0,1,1):» gave MAPE
22.51 and 23.32, that shows that the SARIMA model
performs well with short-term forecasts. Yet, the
seasonal naive model outperformed the SARIMA
model.

5. Conclusions

The main aim of this research was the forecasting of
tourist arrivals in Greece and the assessment of the
accuracy of the implemented models’ performance, as
well as whether there is a model that outperforms all
others. Tourist arrivals in the Ionian Islands were
utilized for testing in order to find the most accurate
model in terms of tourism demand forecasting. We
performed an analysis on monthly arrivals covering
the period from January 2010 to December 2019. With
the utilization of these models, it is better to keep our
predictions at short forecasting horizons. After testing
different tests each time and depending on the
available datasets, the aim is to find the optimal model
for the specific case at hand. The findings of this study
have proven to be a good step towards improving the
forecasting accuracy as far as the tourist destinations
in Greece are concerned. The application of the
proposed models or even a combination of the models
to a wider range of tourist destinations is worth
further investigation. Additionally, future research
could test a combination of Al models with time-
series models in order to produce a hybrid model that



behaves well with datasets that include unexpected
events such as the economic crisis in a country,
pandemics such as the Covid-19 situation and other
factors such as migration flows to touristic
destinations.
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Figure 3. Forecasts for tourist arrivals in the Ionian Islands
(seasonal Naive model)
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Figure 4. Forecasts for tourist arrivals in Ionian Islands using the
ARIMA (1, 0,3)x(0,1,1)n

Saltsidou and Drakaki | 43

Forecasts from ARIMA(1,0,2)(0,1,1)[12]
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Figure 5. Forecasts for tourist arrivals in Ionian Islands using the
ARIMA (1,0,2)x(0,1,1)1
The research can be generalized for other countries

including EU countries since the models generate
accurate results. The research methodology could be
applied to forecast tourism demand on European or
international destinations where the datasets of
certain destinations present the same patterns as the
data used to train the models developed and used in
this paper.
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