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Abstract

Tourism is one of the sectors with the highest weight in Portugal's Gross Domestic Product (GDP)
and is expected to account for 56.4 billion euros (21.1%) of Portugal's GDP in 2033. In the case of the
pandemic crisis (COVID-19), the impact on the sector was greater due to the restrictions imposed on
international travel and the booking of holidays, resulting in unemployment in the sector and the
closure of establishments. Faced with such restrictions, international tourists, especially domestic
tourists, have discovered new, more remote, and less explored destinations. Using data provided by
National Statistics Institute Portugal (2004 — 2024), we use robust econometric methods (particularly
due to the presence of seasonality and autocorrelation), models autoregressive integrated moving
average, to assess the impact of the pandemic and economic crises (2008 and Brexit) on the
Portuguese tourism industry, namely by region (NUTS II — Nomenclature of Territorial Units for
statistical purposes), to make a valid contribution to planning in future crises. The results allowed
the impact of external effects on the behaviour of the number of overnight stays series to be identified.
In addition to studying this behaviour, forecasts were made and the errors calculated based on
indicators such as Mean percentage absolute error (MAPE) and U-Theil's statistical for periods after
the historical series.

Keywords: economic and pandemic crises; time series; ARIMA models; Portuguese tourism; NUTS
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1. Introduction

The tourism sector, which has a huge weight in Portugal's GDP. According to Instituto Nacional
de Estatistica — Portugal (INE), tourism GDP in 2023 increased by 15.2 per cent in nominal terms
compared to 2022 and by 33.1 per cent compared to the pre-pandemic period (2019).

In Portugal, the economic crises have manifested themselves in a fall in demand, cancellations
of bookings and reduced revenues. The direct economic effects include a reduction in the number of
international tourists, unemployment in the tourism sector and the closure of establishments. Indirect
effects include reduced investment in tourism infrastructure and a decline in local development.
These effects have long-term consequences and affect the sustainability and competitiveness of
tourist destinations in Portugal.

Given this, it would be appropriate to ask: Which of the crises mentioned above has had the
greatest impact on the tourism sector in Portugal? In which of the crises did the number of overnight
stays fall the most? If there was a drop in the number of overnight stays, was it general or was it more
pronounced in certain regions of the country?
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Thus, among other motivations, we can highlight: 1) insight into economic cycles, which will
allow us to study crises that affect tourism, uncover patterns of consumer behaviour, and analyse the
extent to which the tourism sector recovers and the most effective measures to ensure its stability; 2)
a contribution to the development/formulation of economic policies to mitigate the negative impacts
on the tourism sector. Understanding the dynamics of crises helps to develop support strategies for
all the players in the sector concerned; 3) understanding the extent to which these crises affect
consumer/tourist preferences, in the sense of possible changes of destination (region) and allowing
companies in the sector to adapt their offers and promote marketing campaigns.

To answer the above questions, a literature review was conducted using the WoS, a database
from 2004 to 2024 provided by INE Portugal, and robust econometric methods by region (NUTS II)
using the number of overnight stays. The WoS search using the keywords "economic crisis*",

" AL P

pandemic crisis*', "*econometric methods*"

and "Portugal tourism*" resulted in 53 scientific
papers, including books, conferences, and articles in indexed journals, but very few related to the
tourism industry in Portugal. In this paper, we decided to address economic crises (2008 global
economic crisis and Brexit) and pandemic crises (COVID-19).

2. Literature Review

2.1. Econometric Models in Tourism

Econometric models are essential for analysing tourism demand and supply dynamics,
particularly during crises. In Portugal, for example, where tourism is a major contributor to the
economy, accurate modelling is critical to mitigating the adverse effects of crises.

These models are widely used for forecasting tourism demand. In the context of the pandemic,
traditional time series models encountered difficulties due to its unprecedented nature. For instance,
the stable seasonal patterns of tourism demand observed before the pandemic were not evident in
2020, resulting in forecast discrepancies ([1]). However, regions with higher domestic tourism
showed greater resilience, suggesting that models incorporating regional and seasonal adjustments
could improve forecast accuracy ([1,2]).

The Autoregressive Integrated Moving Average (ARIMA) model is a popular choice for tourism
forecasting. A study comparing pre-pandemic forecasts with actual data during the pandemic found
that, while ARIMA models accurately predicted the recovery of overnight stays in 2022, they
struggled to predict the number of guests, which remained below pre-pandemic levels ([3]). This
emphasises the importance of selecting models based on tourism-specific indicators.

The Autoregressive Vector Model (VAR) is useful for analysing the interdependencies between
variables. A VAR framework was used to create a model of international tourism demand from
Portugal's main source markets, considering factors such as income, cost of living, and prices in
competing markets ([4]). This approach enables policymakers to understand the impact of external
shocks, such as economic crises, on tourism demand.

Econometric models are also used to evaluate the short- and long-term effects of crises on
tourism. For example, the sharp decline in international arrivals during the COVID-19 pandemic
meant that intra-national mobility became one of the main drivers of tourism recovery ([5]).
Campaigns encouraging domestic travel, for example, played a crucial role in mitigating the negative
effects of the pandemic ([5]).

Economic base models relate employment and economic activity to primary industries,
including tourism. Using such a model, a study of the Azores Islands showed that employment
declined by 7% due to reduced tourism activity during the pandemic ([6]). This approach helps to
identify the knock-on effects of a decline in tourism on local economies.

Logistic regression models are useful for analysing tourist behaviour and intentions. For
example, a study of Portuguese tourists found that health and safety concerns, as well as
sociodemographic factors, influenced travel intentions during the pandemic ([7]). Such models can
provide valuable insights into how crises impact tourist behaviour and preferences.
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The use of econometric models is widely recognised as a fundamental tool for analysing the
dynamics of the tourism sector, especially in times of crisis. These models enable the
interrelationships between the economic, political, and social factors influencing tourism demand
behaviour to be captured. However, despite their popularity, classical models such as ARIMA have
revealed significant limitations, particularly in contexts of structural disruption, such as the impact
of the 20192020 SARS-CoV-2 pandemic.

While several studies acknowledge the effectiveness of ARIMA models in stable environments
with a pronounced seasonal pattern ([1,3]), these models' predictive ability deteriorates significantly
in the face of sudden external shocks. For instance, atypical seasonality and tourist demand patterns
emerged during the pandemic, resulting in substantial forecasting errors and necessitating the
reformulation of adjusted models ([4]). These authors emphasise the importance of considering
exogenous variables or models with structural breaks.

Additionally, authors such as Gossling et al. [8] and Ritchie [9] argue that econometric modelling
in tourism should integrate qualitative dimensions such as risk perceptions, consumer confidence,
and regional resilience - factors that classical linear models do not adequately capture. To address
this issue, hybrid approaches combining time series models with more flexible techniques, such as
GARCH models for heteroscedasticity, structural regressions, or machine learning-based models,
have been suggested.

In the Portuguese context, research has mainly focused on aggregate series and macroeconomic
analysis, with few studies combining regional disaggregation with robust longitudinal analysis ([2]).
This research aims to address this issue by applying ARIMA models at NUTS II regional level and
comparing the effects of different exogenous shocks over time.

2.2. The Different Crisis in Tourism

Economic crises, caused by the impact of negative global events on tourism demand, can cause
anxiety in certain tourism segments [10], leading to the construction of new segmentation concepts.

To assess the impact of the financial and economic crisis (on inbound and outbound tourists) in
Asia, [11] used a distributed lag autoregressive model to calculate interval elasticities of demand and
used them to generate interval forecasts for inbound and outbound tourism in Asia. The results
suggest that the financial crisis will have a negative impact on tourism, but that demand will recover
from 2010 onwards.

In the work of [12] also study the impact of the global economic crisis on the development of
tourism in the Czech Republic. The authors analyse changes in tourism consumption from 2007 to
2011 and conclude that the economic downturn caused a change in consumption habits, with an
adjustment in income based on tourism production, GVA, gross fixed capital formation and
employment in the sector [13].

In an investigation into the efficiency of the tourism industry in Greek regions during the
economic crisis from 2008 to 2016, using a stochastic frontier analysis methodology estimating
regional efficiency scores and rankings, [14] show that the tourism industry in Greece enjoys high
average levels of efficiency. The South Aegean and Crete regions are considered leaders in the
efficiency ranking.

Sometimes socio-cultural, environmental and political crises lead to economic crises, which are
approached critically, as in [15], but not quantitatively. In the [16] studied the impact of the economic
crisis caused by Turkey's accession to the European Union on 200 bus companies and concluded that
there was no impact on the sector.

The economic crisis and the competitiveness of tourism are also studied in the work of [10] (in
Spain). Using econometric methods, the authors they conclude that when structural breaks are
obtained endogenously, and there is a greater support for stationarity, and the break points in the
series are identified with the main economic crises. Moreover, the impact of shocks on
competitiveness is not neutral, with negative effects being more persistent in very severe crises,
leading to the emergence of new competing destinations.
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The United Kingdom has always been one of the most important European source markets for
tourists. To analyse the impact of the Brexit on British tourism in Spain [17], use Bayesian structural
time series models and conclude that between July 2016 and September 2017 (the period of
preparation for the implementation of Brexit), Brexit had no negative impact on the arrival of British
tourists or their spending in Spain.

In their work, Burnett and Johnston ([18]) present a study entitled 'The expected economic shock
of Brexit on hotel and tourism planning in Ireland: resilience, volatility and exposure'. Through
qualitative and pragmatic research involving interviews with senior Irish hotel managers, the authors
concluded that the sector is facing few threats due to complacency and a 'wait and see' mentality.
However, the authors also conclude that, although tourism has been resilient to economic shocks in
the past, historical lessons have not been applied in anticipation of the potential shock that Brexit
could cause.

In Coles ([19]), research combining the environmental crisis and Brexit is conducted. The authors
analyse how the UK government approached the climate and political crises simultaneously between
2016 and 2019, with a particular focus on aviation and tourism. They conclude that tourism is a source
of economic growth and post-Brexit resilience, and that the aviation sector's failure to achieve net
zero emissions does not undermine this.

For the authors of [20], tourism as a component of overall economic growth in the UK is
projected to grow at an annual rate of 3.8 per cent to 2025. Using seasonally adjusted series of tourist
arrivals extracted from trends, together with the uncertainty of Brexit, they conclude that there is
strong evidence of long-term persistence in the volatility of tourist arrivals.

To measure the potential impact of the pandemic on the tourism industry, researchers used
panel structural vector autoregression (PSVAR) and data from 185 countries between 1995 and 2019.
Using dynamic systems modelling, they estimated the impact of the pandemic on the global tourism
industry. They conclude that the current pandemic is different from previous ones and that it will
take longer than the expected 10 months for the global tourism sector to recover.

In this state of the art, we mention some of the studies with different approaches, methodologies
and methods, but none of them adopt the approach we intend to adopt. However, some of these
works use econometric methods that helped us define and select the methods we will use next. In
addition, we can also see that the studies generally aim to contribute to better planning for the sector,
its sustainability and its economy, which is also one of our objectives.

Thus, we can conclude that, while economic and pandemic crises are recognised as disruptive
factors in the tourism sector, the literature continues to present mostly descriptive or case-specific
approaches, with little generalisation to contexts such as Portugal.

Several authors (e.g. [11,14]) have analysed the 2008 financial crisis, emphasising its effects on
demand elasticity and changes in consumption patterns. However, few studies have explored the
impact at a regional level or considered variables such as the local economic structure and
dependence on international tourism, as in the case of the Algarve. Studies in contexts such as Greece
and Spain reveal marked divergences in the effects by region and type of tourism (urban versus
coastal), which are equally relevant for Portugal but remain under-explored.

Regarding Brexit, existing studies ([17,18]) primarily highlight anticipated impacts on the Irish
hotel sector and the arrival of British tourists in Spain. However, there are no empirical studies
focusing on Portugal. As the United Kingdom is one of the Algarve's main source markets, there is
an opportunity for further empirical research in this area.

In the case of the pandemic caused by the SARS-CoV-2 virus, most studies have focused on the
immediate effects of travel disruption ([5,6]) or post-pandemic travel intentions ([7]). However, few
studies analyse the recovery process or the differentiated impact on regions dependent on domestic
versus international tourism in a longitudinal and regional manner. This distinction is important
because the resilience observed in regions with a greater reliance on domestic tourism (e.g. the
Centre) may contrast with the vulnerability of regions such as the Algarve, which depend heavily on
external markets, such as the British market.
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Furthermore, literature often emphasises the need for public policies that are more sensitive to
the cyclical and regionally differentiated nature of tourism ([21,22]). However, few proposals have
been made for operational indicators or regional risk metrics. This is another area to which this
research aims to contribute.

3. Methodology and Methods

This study used a database for the period 2004/1Q to 2024/3Q provided by INE (a survey carried
out by the INE/Tourism Portugal) with quarterly records of the following variables: number of
overnight stays, number of guests and revenues by type of accommodation and by NUTS II region
(Portugal is divided into 7 regions: Norte, Centro, Lisboa and Vale do Tejo, Alentejo, Algarve,
Madeira and Acgores). However, due to the scale of the results, the study of the impact of the above
crises is only evaluated using the variable number of overnight stays by NUTS II. We have used the
NUTS II segmentation of the country because this is the usual methodology of INE, since NUTS I has
a small number of regions (3) and NUTS III an excessive number (25).

As the observations were recorded sequentially over time, the data were treated from a time
series perspective, allowing the past to be analysed and interpreted, and future forecasts to be made.
In general, a time series is characterised by 4 components: seasonality, trend, cyclicality and
randomness. These components, and in particular the presence of seasonality [23] and/or trend, give
rise to problems of non-stationarity (absence of constant mean and variance and/or presence of
autocorrelation between time-lagged observations), which make modelling and forecasting difficult.
In order to assess the presence of stationarity in each of the situations discussed, in addition to using
the graph of the series, we have used statistical tests that are much more efficient than the graphical
assessment, called unit root, such as the augmented Dickey-Fuller test [24], the Phillips-Perron test
[25] or the KPSS-Kwiatkowski-Phillips-Schmidt-Shin test [26], which make it possible to carry out
first differences.

After the first differences, we were able to apply autoregressive models, whether ARMA
(Autoregressive Moving Average), ARIMA (Autoregressive Integrate Moving Average) or SARIMA
(Seasonal Autoregressive Integrate Moving Average) [27].

The advantages of using these models over others are that they make it possible to capture the
dynamics of the data over the period analysed; they can be applied to series with different
characteristics, including trend and seasonality (the series on tourist overnight stays shows seasonal
patterns); and the series on tourist overnight stays in Portugal shows a clear trend over time, which
justifies the lack of stationarity. ARIMA models make an important contribution to the modelling of
non-stationary series; the estimated autocorrelation coefficients and moving averages are easy to
interpret, making it easier for decision-makers to define the strategies to be adopted, and the simple
implementation of the model that best fits the data using numerous software packages, as well as the
validation of the models using robust statistical criteria.

Because on forecasts of the COVID-19 pandemic crisis, we opted to split the time series into two
parts, from 2004/1Q to 2019/4Q and 2020/1Q to 2024/3Q, given the significant break in structure.
Including this period would drastically alter the patterns and trends of the series, making the
forecasting models less accurate (with high errors). Once this break had been identified, dividing the
series into pre-pandemic (2004-2019) and post-pandemic (2020-2024) allowed an ARIMA model to be
applied to each period separately, considering the different dynamics in each period. Subsequently,
it was possible to combine the forecasts of the two models to obtain a more accurate view of the future
behaviour of the time series. In addition to the above, the application of ARIMA models depends on
the assumption that the data has stationary or stable characteristics over time. The pandemic has
generated economic and social shocks that may have altered the characteristics of the data (such as
trends and seasonality). Separate analysis can make it possible to build more appropriate ARIMA
models for each period, avoiding distortion of the model due to abrupt changes in the behaviour of
the data. Finally, separation also allows for comparative analysis, where you can see how the
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pandemic has changed the behaviour of overnight stays in Portugal and assess the recovery of the
tourism sector. This can provide useful information for public policy and tourism managers.

The database was provided to us in Excel format, but all data processing for this work was done
in Gretl 1.9.4 (free econometric software) and JASP 0.18.3 (statistical software).

3.1. Methods

One way of describing a time series (y;, t = 1,2, ..., n), if stationary, is through linear stochastic
models, including the ARMA, ARIMA and SARIMA models developed by Box, Jenkins, Reinsel, and
Ljung [27]. These are stationary linear models, in levels or first differences, whose methodology is
based on: i) analysing the stationarity of the series; it is often necessary to transform (logarithmic
and/or differentiate) the series to "stationaries" it; ii) based on an analysis of the autocorrelation
properties of the (possibly transformed) series, selecting a model that can represent it. In cases where
several alternative models are considered, a model is selected based on "diagnostic tests" and
statistics such as the Akaike Information Criterion (AIC) or the Schwartz Bayesian Criterion (SBC)
([27,28]). The autocorrelation function (ACF) and partial autocorrelation function (PACF) ([27,28]) are
estimated from the information provided by the observed values of the series and must be compared
with the theoretical descriptions of these functions for each of the models mentioned; iii) the model
is identified and the parameters are estimated using appropriate software; iv) a diagnostic evaluation
of the estimated model is carried out, using various criteria to assess its statistical quality and the
quality of the fit to the series analysed. On the other hand, for a correctly specified model, the errors
should evolve according to a white noise process; v) the selected model is used for forecasting
purposes.

In this study, the Box et al. [27] methodology has been applied to the series of quarterly overnight
stays by NUTS II regions in Portugal. This methodology makes it possible to analyse the behaviour
of time series based on a double study: on the one hand, an autoregressive component determined
according to the past statistical history of the variable in question, and, on the other hand, a treatment
of random or stochastic factors specified by moving average processes. Because of their design and
operational resolution, these models allow seasonal analyses to be carried out and the trend
component to be isolated (as can be seen from the results obtained).

3.1.1. ARMA Model

The Box et al. (2015) [27] stationary series models, known in the literature as ARMA(p,q),
models, are formalised using the relationship:
YVe=P1Yea+ o+ Ppyep & — 0184 — =048, (1)
The series of interest, y,, is a function of its past values and the linear combination of random
shocks &, &1, ..., &4, the autoregressive parameters of order p, ¢4, ¢,, ..., ¢, and the moving
average parameters of order q, 04,0, ... 0,
In the general case and using the delay operator, the ARMA (p, q) model given in (1) is presented
by:

04(L)
¢p,(L)y, =0,(L)e, =y, = ¢‘;(L) &t 2)

where the parameters ¢;(i =1,...,p) and 6;(i = 1,...,q) are such that the roots of the polynomials

¢(L) and @(L) in module are strictly greater than one (guaranteeing the stationarity and
invertibility of the process). When p = 0, the model is called a moving average of order q, MA(q),
and when g = 0, an autoregressive of order p, AR(p).

3.1.2. ARIMA Model

Another linear statistical model used to analyse time series is the ARIMA (Autoregressive
Integrated Moving Average) model. Theoretically, this type of model is the most widely used for
forecasting time series that are not stationary but can be made stationary by differentiation. They are
a generalisation of ARMA models, which basically aim to make the process stationary through
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difference operations, where the letter I stands for "integrated". In general, a process is said to be

ARIMA(p, d, q) if:

0,(L)
by LAYy, = O,(L)er © yp = Wst 3)

where p,d and q are positive integers: p is the order of the autoregressive model, d the degree of
differentiation and g the order of the moving average model.
Thus, if y,~ARIMA(p,d, q), then y, is a non-stationary process which, after d differentiations,
isan ARMA(p,q) process f the form:
Aly,~ARMA(p, q) O]
A process y, is said to be integrated of order d if the autoregressive polynomial of y, has
several roots equal to one.

3.1.3. SARIMA Model

To take account of the seasonal behaviour of some time series, multiplicative seasonal ARIMA
models (SARIMA) are used. SARIMA models have a non-seasonal part corresponding to the
parameters (p,d,q) and a seasonal part corresponding to the parameters (P,D, Q). Thus, we have a
seasonal autoregressive component SAR(P) and a moving average SMA(Q), and it is represented as
SARIMA(p,d,q)(P,D,Q), where D refers to the order of seasonal differentiation. Thus, this type of
model has the form

ARIMA(p,d,q)(P,D,Q),, 5)
where the first bracket refers to the non-seasonal part of the model and the second to the seasonal
part. The letter m corresponds to the number of seasonal periods in the series.

The fitting of a SARIMA model is like the process of fitting an ARIMA to time series data,
specified by:

OL)P(L*)w, = 6(L)O(L*)e, 6)
with w, = A2A% y,.

After presenting the different types of models and considering the main issues related to
forecasting, a wide range of results has been obtained, which we present in the next section.

In terms of assessing the accuracy/performance of the selected models, and for forecasting
purposes, an analysis of the behaviour of the residuals was carried out and the MAPE and U-Theil's
metrics were presented. The MAPE measures the average of the absolute differences between the
predicted values and the actual values, expressed as a percentage.

MAPE = T1; || x 100 )

&
¥y

where ¢, is the absolute value of the error in period t and y, the absolute real value of the variable
in period t (n being all the periods in the series). A MAPE of less than 10 per cent suggests perfect
forecasts, below 20 per cent good forecasts and close to 30 per cent indicates that the model is not
effective at forecasting.

The U-Theil's value (or Theil's Inequality Coefficient) is a metric used to assess the accuracy of
an ARIMA model's forecasts. It compares the model's forecasts with the actual values, according to

1 2
_Z?= .
U — Theil's = a2 Zi=1(vi-e) o

J,ll Z?=1(J’;)2+ ,112?=1(Yt)2

where y; is the predicted value of the variable.

Values close to 0 indicate that the model has good accuracy. Conversely, values greater than 1
indicate that the model is worse than simply using the average of the actual values as a forecast. This
suggests that the model needs to be adjusted or that the data is too volatile to be predicted accurately.

Choosing the right model to assess the impact of economic crises and pandemics on the tourism
industry in Portugal is crucial to ensure that the forecasts are accurate, and representative of the
reality observed. Among the various approaches available for modelling time series, ARIMA models
stand out for their ability to deal with data that shows trends, seasonality and economic cycles,
common characteristics in tourism time series.
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In short, ARIMA models are a suitable choice for assessing the impact of the economic and
pandemic crises on Portuguese tourism, due to their ability to capture temporal dependencies and
adjust for long-term trends. Although there are limitations associated with the approach, the
advantages of its simplicity, robustness and adaptability make it a valuable tool for analysing and
forecasting the impact of the crises on the tourism sector.

4. Discussion and Results

4.1. Analysis of Overnight Stays Data in Lisboa, Algarve and Total NUTS II — Period Due 2004/2019

As the regions with the largest contribution to GDP from the tourism sector in Portugal are the
Algarve, with a large part of its economy based on the tourism sector, and the Lisbon Metropolitan
Area, which is a region with many international tourists, the focus of our study centres on these two
regions. However, to complement the study, we also present an analysis of the total by NUTS II. The
study will be carried out according to the proposed methodology, ending with a presentation of the
forecast errors for the period 2020:1 to 2024:3. After aggregating the data by NUTSII region, the
behaviour of the series is presented by Figure 1.

Time Series Plot

3et07 T T T T T T T T T
Lisboa

| Algarve
Tot NUTSII

2.5e+07

2e+07 -

1.5e+07 |-

Overnight Stays
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5e+06 [~ -

o L 1 1 1
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Quarters
Figure 1. Time Series Plot. Lisboa, Algarve and regions NUTS II.

For all regions, and throughout the period analysed, there is an upward trend in the number of
overnight stays, with the marked fluctuations between quarters being justified by the presence of
seasonality. It should be noted that the ARIMA, suitable for short-term forecasts and in the case of
series containing seasonal variations [23]. However, the models introduced by Box and Jenkins
exclusively describe stationary series, i.e. with constant mean and variance over time and
autocovariance dependent only on the degree of lag between the variables, and the first step is to
verify or provoke the stationarity of the series [29].

4.1.1. Identification, Estimation and Evaluation of Diagnostics

Analysis of the stationarity of the series is intuitive, based on knowledge of the nature of the
phenomenon being analysed and observation of the series timeline (Figure 1).

The ACF does not show a sharp drop to zero and there is greater autocorrelation at 4, due to
quarterly seasonality. Multiples of 4 also show high values, although they tend to decrease over time.
The PACF shows significant values for the first three lags, then drops to zero, showing some peaks
outside the limits of the defined range.

To apply the Box-Jenkins methodology, it is first necessary to identify the series and remove the
lack of stationarity. The stationarity of the series under study was achieved by applying a simple
differentiation [AX, = X,—X,_; = (1 —B)X,] and a seasonal difference [A’X, =X,—X,_o=(1—
B)*X,] to the initial series. It should be noted that it is advisable to minimise data differencing (to
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avoid over differencing), as differencing leads to an increase in the variance of the forecast error.
Although the series in the first differences and with a seasonal lag can be considered stationary.

As a basic tool for identifying the ARMA process in question, the estimated ACF and PACF of
the stationary series (first differences of the series) should be considered. The seasonal and non-
seasonal components are identified separately using the theoretical frameworks.

Using the “Best Fitting” option and including period 4 in the “Seasonal Custom”, we have the
model for the three regions. The best model, compared to the others, was chosen based on the AIC
criterion and the value of the coefficient of determination.

For the Lisboa region, the model selected is SARIMA(0,1,0)(1,1,2), leading to better indicators
in terms of forecasting (Figure 2).

Model 1: ARIMA, using observations 2004:2-2019:4 (T = 63)
Dependent variable: (1 — L)(1 — L*)Lisboa
Standard errors based on Hessian

Coefficient  Std. Error z p-value
&, 0.403541  0.183347 0.0277
O, —0.909662 0.157789 ¥ 0.0000
O 0.690398  0.148385 4.653 0.0000

Mean dependent var 1010.603  S.D. dependent var  138709.5

Mean of innovations 668.8156 S.D. of innovations  110491.7
R? 0.990495  Adjusted R? 0.990178
Log-likelihood —823.4412  Akaike criterion 1654.882
Schwarz criterion 1663.455 Hannan-Quinn 1658.254

Real Imaginary Modulus Frequency

AR (seasonal)

Root 1 24781 0.0000 2.4781 0.0000
MA (seasonal)

Root 1 0.6588 —1.0072 1.2035 —0.1578

Root 2 0.6588 1.0072 1.2035 0.1578

Figure 2. SARIMA(0,1,0)(1,1,2) model. Lisboa.

Applying the same methodology, the model identified and estimated for the Algarve region and
for Total Nuts II, resulting in the following models (Figures 3 and 4):

Model 3: ARIMA, using observations 2005:2-2019:4 (T = 59)
Dependent variable: (1 — L)(1 — L®
Standard errors based on Hessian

Algarve

Coefficient  Std. Error = p-value
6 —0.333773 0.123583  —2.701 0.0069
62 —0.449384 0.141863  —3.168 0.0015
@, 0510414 0.154546 3.303  0.0010
©, -1.080%6 0.182165 —5.933 0.0000
0,  0.792393 0.208874 2.651 0.0080

Mean dependent var 136.2034 S.D. dependent var 261472.0
Mean of innovations —5153.867 S.D. of innovations  192829.8

R? Adjusted R? 0.991941
Log-likelihood Akaike criterion 1623.037
Schwarz criterion Hannan- Quinn 1627.903

Real Imaginary Modulus Frequency

AR
Root 1 -0.3714 —1.4448 1.4917 —0.2900
Root 2 -0.3714 1.4448 1.4917 0.2900
AR (seasonal)
Root 1 1.9592 0.0000 1.9592 0.0000
MA (seasonal)
Root 1 0.6820 —0.8927 1.1234 —0.1462
Root 2 0.6820 0.8927 1.1234 0.1462

Figure 3. SARIMA(2,1,0)(1,1,2) model. Algarve.
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Model 2: ARIMA, using observations 2005:2-2019:4 (T = 59)
Dependent variable: (1 — L)(1 — L*)Tot NUTSII
Standard errors based on Hessian

Coefficient  Std. Error z p-value
3 0.0506698  0.0813628 0.6228 0.5334
&y —0.911346 0.0708949 —12.85 0.0000
6, —0.241616 —1.477  0.1397
3 0.676566 4.874  0.0000
0; —0.718283 —3.928  0.0001
0, 0.446453 L.767  0.0772

Mean dependent var ~ 3407.153  S.D. dependent var 621963.8
Mean of innovations —1706.185  S.D. of innovations  473017.4

R? 0091532  Adjusted R? 0.990733
Log-likelihood —856.6500  Akaike criterion 1727.300
Schwarz criterion 1741843 Hannan-Quinn 1732.977
Real Imaginary Modulus Frequency
AR
Root 1 0.0278 —1.0471 1.0475 —0.2458
Root 2 0.0278 1.0471 1.0475 0.2458
MA
Root 1 0.1786 —1.2026 1.2158 —0.2265
Root 2 0.1786 1.2026 1.2158 0.2265
MA (seasonal)
Root 1 0.8044 —1.2620 1.4966 —0.1597
Root 2 0.8044 1.2620 1.4966 0.1597

Figure 4. SARIMA(2,1,2)(0,1,2) model. Total NUTS II.

Based on what can be seen on selected models, and by analysing the statistical significance of
the models’ coefficients, they are significantly different from zero (see the respective p — values),
allowing us to conclude that the models are well identified. On the other hand, as far as invertibility
is concerned, the coefficients of the two components (non-seasonal and seasonal) fulfil the conditions
of invertibility, since the estimates of the parameters of the moving average components are, in
module, less than unity. On the other hand, ensuring stationarity and invertibility, the roots of the
polynomials ¢ (L) and 8(L) are modulo greater than unity.

After assessing the statistical quality of the model, it is important to evaluate the quality of the
fit, which is done by analysing the residuals. In fact, if this model properly explains the series of
overnight stays in the three selected regions, the residuals should behave like a process analogous to
white noise.

Below are the respective graphs of the residual series and the QQ-plots (Figure 5), can be
concluded that the residuals of the identified model behave like white noise and with a behaviour
that can be described by a normal distribution?
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Figure 5. Time Series Plot Residuals. Residuals Autocorrelation Functions (ACF and PAF). QQ Plot. Lisboa.
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Visually analysing the graph, the residuals seem to oscillate around the zero line, indicating
exogeneity (zero mean). However, there are variations in the amplitude of the residuals over time,
with noticeably larger peaks in certain periods (for example, between 2011 and 2015), suggesting
possible heteroscedasticity. The graph shows some patterns and prolonged oscillations that may
indicate autocorrelation, especially in periods where the residuals go up or down for several quarters
in a row. Therefore, the ACF and PACF of the residuals that do not violate the hypothesis of no
correlation are presented.

The ARCH test on the residuals for various lags produced a p — value =~ 0,000 which rejects the
null hypothesis of homoscedasticity. However, looking at the QQ-plot, the normality of the residuals
does not seem to be in question. It can therefore be concluded that the residuals behave like white
noise (although not pure).

For the Algarve region (Figure 6), the residuals behave more like white noise, but with some
caveats. There are some residuals with extreme values (in 2013 and 2014), which may indicate the
presence of outliers or slight heteroscedasticity.

ACF for ResidnalsAlgarve
Time Series Residuals Algarve 03| ~1.96/T0.5
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Figure 6. Time Series Plot Residuals. Residuals Autocorrelation Functions (ACF and PAF). QQ Plot. Algarve

There are also some visible oscillations in some periods, and there are times (between 2010-2014)
when there are larger and more frequent variations, which could just be randomness.

Therefore, the ACF and PACF of the residuals that do not violate the hypothesis of no correlation
are presented. The ARCH test on the residuals of order four produced a p — value = 0,841, which
not rejects the null hypothesis of homoscedasticity. Looking at the QQ-plot, the normality of the
residuals does not seem to be in question. It can therefore be concluded that the residuals behave like
white noise.

In Figure 7, the residuals for the NUTS II total show a more complicated behaviour in relation
to the hypothesis that they are white noise.
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ACF for Residual SNUTSII
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Figure 7. Time Series Plot Residuals. Residuals Autocorrelation Functions (ACF and PAF). QQ Plot. NUTS II.

Although the residuals oscillate around the zero line and there is a certain randomness in the
movements, the variance is increasing (a sign of heteroscedasticity). From 2005 until around 2010, the
amplitude of the residuals is smaller, but after 2010 there are more intense oscillations, suggesting
that the variance is not constant. On the other hand, systematic and regular peaks between 2011 and
2015 may indicate the presence of autocorrelation.

Therefore, the ACF and PACEF of the residuals that do not violate the hypothesis of no correlation
are presented. The ARCH test on the residuals of order four produced a p — value = 0,934, which
not rejects the null hypothesis of homoscedasticity. Looking at the QQ-plot, the normality of the
residuals does not seem to be in question. It can therefore be concluded that the residuals behave like
white noise.

It should be noted that, especially in the Lisboa region, there was a peak in waste behaviour of
residuals in 2008, which may have been the impact of the financial crisis. However, this period does
not jeopardise the adjustment made. The sharp drop in waste in 2008 is justified as being related to
the financial crisis in Portugal. It had a significant impact on various areas of the economy, including
tourism, which may have influenced the number of overnight stays and, consequently, the model's
residuals.

The Chow test checks whether there is a significant difference in the regression coefficients
between two periods. The hypothesis being tested is that there is no change in the structure of a
model's coefficients between two subsets of data (before and after 2008). The results (Table 1) of the
test for the behaviour of the residuals of the selected models for the three regions are presented.

Table 1. Chow test for structural break at observation 2008:1.

Adjusted Model Region Lisboa: F(1,58) = 0,2843 with p — value = 0,5960

Adjusted Model Region Algarve: F(1,57) = 0,03002 with p — value = 0,8631

Adjusted Model Region NUTSII: F(1,57) = 0,101233 with p — value = 0,7515

In view of the results and given that there is statistical evidence not to reject the hypothesis being
tested, it can be concluded that any structural break is not significant. To support this conclusion, we
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present some results for two sub-periods, pre-crisis from 2004 to 2007 and post-crisis from 2008 to
2012, specifically the graphs of the series (Figure 8) and some descriptive statistics (Table 2).

Ovennight stays 2004-2007 Overnight stays 2009 - 2012

Q +Q|1Q|2Q g |+Q 1Q 2@

2011|2011 2011|2011 | 2012 2012

ve = Tot_Nutsl

Figure 8. Time Series Plot overnight stays (2004-2007) and (2009-2012).

Graphically, the structure of the evolution of the number of overnight stays in the three regions
has remained the same.

Table 2. Descriptive Statistics pre and post crises of 2008.

Descriptive Tot_NUTSI Descriptive Tot_NUTSI
Pre-Crisis Lisboa Algarve I post-Crisis Lisboa Algarve I
1943 3495 Average 2187103 3405106 5592 209
Average 496 949 5439 444 Standard
Standard 1675 deviation 5733658 1929032,8 2481446,9
deviation 457 869 643 2095 838 CV (%) 26,2 56,7 44,4
CV (%) 23,6 47,9 38,5 Range 1801124 5126144 6870133
1577 4392 Minimum 1410553 1622383 3090071
Range 651 320 5897 441 Maximum 3211677 6748527 9960 204
1213 1903
Minimum 041 783 3189 354
2790 6296
Maximum 692 103 9 086 795

In terms of descriptive indicators, and in the pre-crisis period of 2008, the Lisbon and Algarve
regions had high average levels, with Lisbon at around 1.94 million and the Algarve at 3.5 million
overnight stays. Variability, through the coefficient of variation (CV), was higher in the Algarve (47.9
per cent vs. 23.6 per cent in Lisbon), indicating greater instability in the region's data. Total of NUTS
IT reflected this difference, with an average of around 5.4 million and considerable dispersion (CV of
38.5 per cent). In the post-crisis period (after 2008), the Lisbon region saw average growth, rising to
2.19 million, despite a slight increase in dispersion. The Algarve suffered a slight drop in the average
number of overnight stays, but saw its variability increase considerably (the CV rose to 56.7 per cent),
suggesting greater economic instability. Total of NUTS II saw a small increase in the average (to 5.59
million overnight stays), but also with an increase in dispersion. In short, after the 2008 crisis, the
averages generally remained the same or increased slightly, but the variability of the data increased
significantly, especially in the Algarve, indicating a more volatile and unequal economic context
between regions.

4.1.2. Forecast

Forecasting future values for a series of overnight stays in the three regions is one of the crucial
objectives of this study. At the same time, we present the graphs (Figure 9) with the adjusted series
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and the forecasts based on a 95% confidence interval, until the year 2024, with historical data until
2020.
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Figure 9. Forecast Lisboa, Algarve and NUTS II (2020:1 to 2024:4).

In the Lisbon region, values have increased consistently and seasonally over time. The forecast
model is well calibrated up to 2020 and projects a continuation of growth, but with greater
uncertainty after that point. From 2020 onwards, the confidence intervals are wider, reflecting greater
uncertainty in the forecasts, especially from 2022 onwards. The Algarve shows a strongly seasonal
behaviour and a gentle upward trend until 2020. The forecast indicates that this pattern will continue,
but with greater uncertainty in the future. The strong seasonality and the widening of the confidence
intervals reflect the dependence on variable factors such as tourism and the economic situation. The
aggregate total of the NUTS Il regions shows a clear pattern of growth and seasonality over time. The
forecast model fits well until 2020, but uncertainties increase in the following years. Even so, the
upward trend continues, suggesting a moderate economic recovery or expansion. Below are the
metrics for assessing accuracy and a joint graph of the forecast error (see Table 3).

Table 3. MAPE and U-Theil's metrics.

Regions MAPE (%) U-Theil’s

Lisboa 3,2065 0,14819

Algarve 45517 0,09923
Tot NUTS I 3,4263 0,10866

If the MAPE value is less than 10 per cent for any of the regions, it suggests perfect forecasts. On
the other hand, based on the U-Theil's value, values close to 0 indicate that the model has good
accuracy.

However, analysing the graph in Figure 10, which shows the evolution of the forecast errors
(difference between the real value and the one estimated by the adjusted model), and as would be
expected, the forecast errors are very high during the pandemic period, so it can be concluded that
this period has a marked effect on the forecasting effectiveness of the ARIMA models. In subsequent
quarters, the graph shows that the errors are much less marked and are close to the zero line. There
is no doubt that the pandemic period had structural effects on the Portuguese economy and on the

tourism sector.
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Forecast Error
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Figure 10. Forecast Error (2020:1 to 2024:4).

Finally, we present some descriptive statistics on the number of overnight stays in the three
regions and for the period 2004:1 to 2019:4 (16 years - 64 quarters) (Table 4).

Table 4. Descriptive statistics Overnights stay. Lisboa, Algarve and NUTSII.

Variable Average median  Standard deviation Coefficient of Variation skewness  Range Minimum Maximum
Overnights Lisboa 2780320 2552868.5  1147854,048 41,29 0.886342087 4539840 1213041 5751890
Overnights Algarve 3966013 33952445 2197158.848 5540 0767343711 7379083 1622383 9001466
Overnights TofNutsIT 11638172 106832985 5125934,329 44.04 0.991637442 19622991 5866240 25489231

In addition to the comparison between the average and median number of overnight stays in
the regions under study, which allows us to conclude that there is a positive asymmetry, indicating
that the tourism sector has been growing throughout the series, the coefficient of variation, especially
in the Algarve region, which exceeds 50 per cent, allows us to conclude that there is some relative
dispersion in the data.

4.2. Analysis of Overnight Stays Data in Lisboa, Algarve and Total NUTS II — Period Due 2020/2024

Applying the same procedure for the previous period, now for the series from 2020 to 2024, we
can see the behaviour of the number of overnight stays in the regions under study (Figure 11).

Time Series Plot
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Figure 11. Time Series Plot. Lisboa, Algarve and regions NUTS II.

For all regions, and throughout the period analysed, there is an upward trend in the number of
overnight stays, with the marked fluctuations between quarters being justified by the presence of
seasonality. During 2020 and part of 2021, the figures are lower, possibly due to the impact of the
COVID-19 pandemic on tourism. The region of Lisbon was one of the most affected by the COVID-
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19 pandemic, with a substantial drop in the number of overnight stays, especially in the first half of
2020. From 2022 onwards, Lisbon began to see a significant recovery, with an increase in the number
of overnight stays, although still facing seasonal fluctuations and growing competition with other
regions, such as the Algarve. From 2022 onwards, a recovery is observed, with upward trends. In
short, the graph shows the behaviour of tourism over this period, with a general increase in the
number of overnight stays and obvious seasonal variations.

4.2.1. Identification, Estimation and Evaluation of Diagnostics

To apply the same methodology, using the “Best Fitting” option and including period 4 in the
“Seasonal Custom”, we have the model for the three regions. The best model, compared to the others,
was chosen based on the AIC criterion and the value of the coefficient of determination.

For the Lisboa region, the model selected is SARIMA(0,1,0)(1,0,0), leading to better indicators
in terms of forecasting (Figure 12).

Model 2: ARIMA, using observations 2020:2-2024:3 (T = 18)
Dependent variable: (1 — L)Lishboa
Standard errors based on Hessian
Coefficient  Std. Error z p-value
$,  0.707780 0.160822  4.401 0.0000

Mean dependent var 270566.7 S.D. dependent var 1423251
Mean of innovations 124839.0 S.D. of innovations 1009063

R? 0.845070  Adjusted R? 0.845070
Log-likelihood —275.7726  Akaike criterion 555.5452
Schwarz criterion 557.3259 Hannan Quinn 555.7907

Real Imaginary Modulus Frequency

AR (seasonal)
Root 1 1.4129 0.0000 1.4129 0.0000

Figure 12. SARIMA(0,1,0)(1,0,0) model. Lisboa.

The model identified and estimated for the Algarve region and for Total Nuts II, resulting in the
following models (Figures 13 and 14):

Model 2: ARIMA, using observations 2021:1-2024:3 (T" = 15)
Dependent variable: (1 — L°)Algarve
Standard errors based on Hessian
Coeflicient Std. Error z p-value
¢ 0.657871 0.184415 3.567 0.0004

Mean dependent var 853859.9 S.D. dependent var 1267587
Mean of innovations 323805.6 S.D. of innovations 1104541

R? 0.861119 Adjusted R? 0.861119
Log-likelihood —230.2917  Akaike criterion 464.5834
Schwarz criterion 465.9995 Hannan—Quinn 464.5683

Real Imaginary Modulus Frequency

AR
Root 1 1.5201 0.0000 1.5201 0.0000

Figure 13. SARIMA(1,0,0)(0,1,0) model. Algarve.
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Model 5: ARIMA, using observations 2021:1-2024:3 (T = 15)
Dependent variable: (1 — L®)Tot_NUTSII
Standard errors based on Hessian
Coefficient  Std. Error z p-value
@1 0.742676 0.161797 4.590 0.0000

Mean dependent var 3583837 S.D. dependent var 4670755
Mean of innovations 1122823 S.D. of innovations 3800964

R? 0.829018  Adjusted R? 0.829018
Log-likelihood —248.9466  Akaike criterion 501.8931
Schwarz criterion 503.3092 Hannan-Quinn 501.8780
Real Imaginary Modulus Frequency
AR
Root 1 1.3465 0.0000 1.3465 0.0000

Figure 14. SARIMA(1,0,0)(0,1,0) model. Total NUTS II.

Based on what can be seen on selected models, and by analysing the statistical significance of
the models’ coefficients, they are significantly different from zero, allowing us to conclude that the
models are well identified.

The assessment of statistical quality, as explained above, considers the analysis of the residuals
of the estimated models. Below are the respective graphs of the residual series (Figures 15-17).
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Figure 15. Time Series Plot Residuals and Residuals PACF. Lisboa.

For the Lisbon region, between 2021 and 2022, the residuals appear to be larger, indicating
greater variability, which could be explained by the pandemic crisis. From 2023 onwards, the

residuals appear to be more stabilised, suggesting that the model can be used more accurately to
make more consistent forecasts.
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Figure 16. Time Series Plot Residuals and Residuals PACF. Algarve.

For the Algarve region, the residuals seem to oscillate around zero, but there are variations in
the dispersion of the residuals over time (possible heteroscedasticity). In addition, there are cyclical
patterns, suggesting autocorrelation. In this case, and due to the possible presence of
heteroscedasticity, the behaviour of the residuals, which are not white noise, can be questioned. In
any case, and given the respective FACP, none of the lagged values show significant autocorrelation,
indicating that the adjusted ARIMA model has probably captured the structure of the data well.
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Figure 17. Time Series Plot Residuals and Residuals PACF. NUTS II.

For Portugal, NUTS II regions, there is a change in the variance of the residuals
(heteroscedasticity). During the pandemic, there were severe travel restrictions, leading to a sharp
reduction in tourism in 2020-2021. Then, with the reopening, there was a sudden recovery, with a
significant increase in the number of overnight stays in 2022-2024. This increase in volatility may
explain why the residuals appear more dispersed at first and then stabilise (indicating
heteroscedasticity). As an alternative to the proposed methodology, and for this period, we could

consider an ARIMA-GARCH model, to capture the heteroscedasticity in the residuals, making them
closer to white noise.

4.2.2. Forecast

Forecasting future values for a series of overnight stays in the three regions is one of the crucial
objectives of this study. At the same time, we present a graph (Figure 18) with the adjusted series and
the forecasts based on a 95% confidence interval, until the year 2027. Below are the metrics for
assessing accuracy and a joint graph of the forecast error.
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Figure 18. Forecast Lisboa, Algarve and NUTS II (2024:4 to 2027:4).

Analysing the graphs, and for the Lisbon region, the series shows moderate fluctuations before
the forecast period (2023-2024). The forecast suggests a gradual increase over time (from 2025 to 2027).
For the Algarve, the graph shows periodic fluctuations, suggesting a seasonal pattern. Despite the
seasonal fluctuations, the forecast suggests maintenance or slight growth over time. For Portugal,
across the NUTS II region, despite the oscillations, explained by recurring seasonal patterns, the
forecast indicates a gradual growth trend over time. In all regions, there is an increase in uncertainty
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over time: the confidence intervals become progressively wider as we move towards 2026 and 2027,
which is common in long-term forecasts.

Table 5. MAPE and U-Theil's metrics.

Regions MAPE (%) U-Theil’s
Lisboa 71,45 1,1649
Algarve 52,844 1,3631
Tot NUTS II 37,808 1,6303

The high MAPE and U-Theil values indicate inaccurate forecasts, especially for the Lisbon and
Algarve regions. The fact that the series begins in 2020, during the pandemic crisis, may be the cause
of this problem, as it generated a structural shock, causing an increase in volatility and altering
behaviour patterns in the sector. The high MAPE value suggests that the models cannot accurately
predict the real values, and U-Theil greater than 1 indicates that a simple model could have been
more effective. To improve the forecasts, the 2020-2021 data could be excluded or smoothed, and
models that better deal with structural breaks could be tested.

Finally, we present some descriptive statistics on the number of overnight stays in the three
regions and for the period 2020:1 to 2024:3 (5 years - 19 quarters).

Table 6. Descriptive statistics Overnights stay. Lisboa, Algarve and NUTS II.

Variable Average  Median  Standard deviation Coeficient of Variation Skewness  Range Minimum Maximum|
Overnights_Lisboa 3809363 4371339 2398123,922 62,95 0,035656704 7331044 245800 7576844
Overnights_Algarve 3970303 3200654 2707743,542 68,20 0434785965 8232167 255943 8488110
Overnights TotNUTSIT 14330704 13462970 8248112,629 57,56 0,142520983 26604828 1425867 28030695

In terms of descriptive statistics, and for this period, the Algarve region shows greater relative
variability (CV = 68.20%), indicating that the number of overnight stays in this region fluctuates
more when compared to the other regions. Comparing the mean and median values, the Algarve
shows a more marked asymmetry, indicating that the number of overnight stays in this region tends
towards higher values. For the total of the regions, Tot NUTS II shows lower relative variability (CV =
57.56%), meaning that some regions of the country don't show such marked variability as Lisbon
and the Algarve, allowing this indicator to fall.

4.3. Impact of External Shocks (Financial Crises and Pandemics) on the Number of Overnight Stays

Impacts of the Financial by NUTS II Regions

The 2008 financial crisis, which originated in financial deregulation (subprime), had an impact
on the entire economy and in the tourism sector in Portugal. The financial crisis led to credit controls
and a reduction in banks' financial capacity on the capital markets. This crisis had a significant impact
on the rate of change of overnight stays in Portugal by NUTS II. Thus, overnight stays in Portugal
were indirectly affected due to the decrease in investments and lower consumer confidence. This
crisis, by having a negative impact on purchasing power, led to a reduction in spending on tourism,
reflected in a decrease in occupancy rates in many regions of our country. Some regions have been
hit harder than others.

A summary table are presented with the quarterly unit rates of change in three different periods,
2007 to 2008 which reflects the period before and during the crisis, 2008 to 2009 during and after the
crisis and the 2009 to 2010 post-crisis period to verify the recovery or persistence of the effects.

In 2008 the tourism sector in Portugal was deeply affected by the global financial crisis that broke
out in the middle of the year. This impact was reflected in the quarterly rates of change in the number
of overnight stays in the country's main tourist regions: Lisbon, the Algarve and the NUTS IL

Table 7. Quarterly Rate of Change (%) 2008/2007, 2009/2008 and 2010/2009.
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2008/2007 2009/2008
Quarters
. Q | 2Q | 3Q | 4Q 1°Q 2°Q 3°Q 4Q
Regions
Lisboa 9,0 -0,7 -4,8 -13,0 -17,5 -7,0 -2,9 2,0
Algarve 4,6 -6,1 -2,2 -6,4 -21,4 -6,2 -6,7 -10,8
Tot NUTS II 8,6 -2.8 -1,6 -6,9 -17,0 -4,5 -5,1 -4,9
2010/2009
uarters
. 1°Q 2°Q 3°Q 4°Q
Regions
Lisboa 8,1 4,5 12,2 10,6
Algarve -2,3 -4,7 8,2 3,2
Tot_NUTS II 0,8 -2,5 6,7 34

The year 2008 was marked by a slowdown in tourism in Portugal's main regions due to the
global financial crisis. The quarterly rates of change in the number of overnight stays in Lisbon, the
Algarve and the country reflect the decline in tourist demand, with sharper falls from the third
quarter onwards. The impact of the crisis was felt most clearly in the last quarter of 2008, with the
region’s most dependent on international tourism recording the biggest falls in overnight stays.

In 2009, the quarterly rates of change in the number of overnight stays in the Lisbon and Algarve
regions and in Portugal reflected the impact of the global financial crisis, with sharp falls in the first
quarters, followed by a gradual recovery in the second half of the year. Lisbon showed more obvious
signs of recovery in the last quarter, with growth of 2.0 per cent, while the Algarve struggled to
recover, especially in the last quarter, with a drop of -10.8 per cent. At national level, the recovery
was modest but visible, with a slowdown in falls, particularly in the third and fourth quarters. The
Portuguese tourism sector continued to be affected by the crisis, but 2009 marked the beginning of a
gradual process of stabilisation.

In 2010, the Portuguese tourism sector began to show signs of recovery after the negative impacts
of the global financial crisis that deeply affected 2009, reflected in the quarterly rates of change in the
number of overnight stays. Lisboa performed particularly strongly, with growth rates in all quarters,
while the Algarve, although showing signs of recovery in the third and fourth quarters, still
struggled, especially in the first few months of the year. At a national level, the rates of change
reflected a gradual recovery, with a strong performance in the third and fourth quarters. Although
the impact of the financial crisis was still visible in 2010, the year marked a positive turning point for
the tourism sector in Portugal, with a sustained recovery in the last few quarters.

This behaviour observed in the quarterly rates of change in the number of overnight stays in
2009 and 2010 is in line with the conclusions of the Chow test, which indicated that 2008 does not
represent a significant structural break in the time series from 2004 to 2024. The Chow test suggested
that there was no relevant structural change in the behaviour of the series after the 2008 financial
crisis, which implies that the ARIMA models, which are based on time series with historical data, are
not substantially affected by this crisis. Therefore, future forecasts based on ARIMA models are not
jeopardised by the 2008 financial crisis, and the continuity of the time series can be considered valid
for projections in subsequent years.

Brexit had a significant impact on overnight stays in all of Portugal's NUTS II regions, due to
their extreme dependence on UK tourists as an inbound market. These two events, which coincide in
time, Brexit and the Pandemic Crisis, should be analysed separately to identify the specific effects.
However, since the data does not identify British holidaymakers, this will not be a priority in this
article.  Brexit (effective from 2021) introduced bureaucratic barriers, visa requirements and
exchange rate changes, which may have reduced the flow of British tourists to Portugal. On the other
hand, and from a theoretical point of view, if only the UK saw a drop after 2021, this indicates a
specific effect of Brexit.
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COVID-19 (2020-2021) has had a drastic impact on tourism due to travel restrictions, causing
sharp falls and irregular recoveries. We will now analyse the impact of COVID-19 through the year-
on-year rates of change in quarterly overnight stays in Portugal's NUTS II regions, starting by
analysing behaviour in the pre-pandemic vs. pandemic period. The immediate impact, measured by
the rates of change in the quarters from 2020 to 2019 (Table 8), reflects the period with the greatest

restrictions.
Table 8. Quarterly Rate of Change (%) 2020/2019 and 2021/2020.
2020/2019 2021/2020
Quarters

. 1°Q 2°Q 3°Q 4°Q 1°Q 2°Q 3°Q 4°Q

Regions
Lisboa -22,7 -95,2 -74,8 -79,8 -0,8 3,8 1,0 1,5
Algarve -19,0 -93,6 -49,5 -68,9 -0,9 3,6 0,4 1,5
Tot_NUTS I 18,7 -92,8 -55,9 -70,1 -0,8 3,5 0,6 1,5

According to the information above, the most severe impact is in the 2nd quarter of 2020,
probably due to the lockdowns and travel restrictions caused by the pandemic crisis, with decreases
of over 90% in all regions. The Lisbon region was the most affected, especially in the 2nd and 4th
quarters. The Algarve, despite the decreases, had a better performance in the number of overnight
stays by tourists, standing out in the 3rd quarter, which may suggest some level of recovery with
tourism by residents or non-residents, albeit limited. The Total NUTS II follow the trend of the Lisbon
and Algarve regions, reflecting the national composition.

Subsequently, we analysed behaviour in the recovery period, comparing the quarters of 2021
with 2020 (Table 8), assessing the initial recovery, and the rates of change of 2022 with 2019, with the
aim of seeing if the number of overnight stays has returned to pre-pandemic levels.

Between 2020 and 2021, the Lisbon and Algarve regions were heavily impacted by the pandemic,
with historic falls in 2020 and a slow recovery in 2021. In 2021, both regions showed signs of recovery.
Variations turned slightly positive from the 2nd quarter onwards, with maximum growth (3.8%) in
the Lisbon region. Even so, revealing the persistence of restrictions and the slow recovery of the
tourism sector. Overall, Lisbon was the region most affected during the period, while the Algarve
showed some seasonal resilience. Both territories ended 2021 still far from pre-pandemic levels.

The comparison between 2022 and 2019 (Table 9) allows us to gauge the degree of structural
recovery after two years of pandemic impact. The evolution of the Lisbon and Algarve regions shows
that, despite some positive signs, the sector was still recovering, with results still below pre-pandemic
levels. In the 1st quarter, both regions showed sharp falls compared to 2019: Lisbon (-25.4%) and the
Algarve (-23.6%), revealing a still fragile recovery at the start of the year. In the 2nd quarter, there
was almost a complete recovery in Lisbon (-1.9%), while the Algarve saw a more significant drop (-
7.8%). The 3rd quarter, historically the strongest for tourism, showed an increase in Lisbon (+3.1%),
but a decrease in the Algarve (-6.9%), showing a reversal from previous years when the Algarve was
more resilient in the summer. In the 4th quarter, Lisbon grew again compared to 2019 (+3.9%), while
the Algarve remained below the pre-pandemic level (-3.5%). In short, Lisbon surpassed 2019 levels
in the last two quarters, demonstrating a more solid recovery, while the Algarve remained below pre-
pandemic values throughout the year, suggesting a slower and more uneven recovery between
regions.

Table 9. Quarterly Rate of Change (%) 2022/2019.

2022/2019
uarters
. 1Q | 2Q | 3Q | 4Q
Regions
Lisboa -25,4 -1,9 3,1 3,9
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Algarve -23,6 -7,8 -6,9 -3,5
Tot_NUTSII | -19,0 -0,2 2,9 5,8

Between 2020 and 2022 (Tables 8 and 9), Lisbon and the Algarve faced sharp falls due to the
pandemic, with a slow and uneven recovery over the years. The year 2020 was the most critical: falls
of over 90 per cent in the 2nd quarter in both regions. Lisbon was the worst affected overall, with
sharper falls in all quarters. The year 2021 marked the beginning of a recovery, but still with very
modest variations. The Algarve had a weak summer, and Lisbon recovered slightly better in the 2nd
quarter. The year 2022 shows a more evident recovery in Lisbon, which surpassed 2019 levels in the
last few quarters. The Algarve, on the other hand, remained below pre-pandemic values throughout
the year, signalling a slower recovery.

Finally, to assess the long-term trend, comparing 2023 with 2019 makes it possible to see whether
the recovery has been sustained and whether structural changes are possible. Comparing the number
of overnight stays in 2024 with 2019 aims to assess the recovery (or change) in 2024 (Table 10).

Table 10. Quarterly Rate of Change (%) 2023/2019 and 2024/2019.

2023/2019 2024/2019
Quarters
. 1°Q 2°Q 3Q 4°Q 1°Q 2°Q 3°Q
Regions
Lisboa 24,9 24,9 27,6 27,7 33,1 29,9 31,7
Algarve 2,3 -2,7 -6,8 5,7 11,2 -2,3 -5,7
Tot_NUTSII 13,8 8,6 6,6 14,8 22,3 11,9 10,0

In 2023, compared to 2019 levels, the trends in the Lisbon and Algarve regions are quite different.
Lisbon showed a strong recovery in all quarters, with consistent growth of between +24.9% and
+27.7%, signalling a solid and sustained recovery, well above pre-pandemic levels. The Algarve had
a more irregular behaviour, with growth in the 1st quarter (+2.3%), followed by falls in the 2nd (-
2.7%) and 3rd quarters (-6.8%), even in high season. Only in the 4th quarter was there a visible
recovery (+5.7%).

In 2024, the Lisbon region showed a strong and consistent performance over the three quarters.
The Algarve showed a promising start but fell off in the following quarters. Portugal saw an increase,
but with a gradual slowdown in the number of overnight stays compared to 2019. To summarise, we
can conclude from the data that the tourism sector showed an overall recovery, but with regional
differences, with Lisbon being the strongest and the Algarve presenting challenges.

Lisbon's superior performance in 2024 compared to the Algarve can be attributed to a
combination of factors. The Lisbon region has benefited from a diversified tourist profile, the recovery
of urban and business tourism, and greater international appeal. In contrast, the Algarve has faced
challenges due to the seasonality of tourism, growing competition and changing tourist preferences.
These factors, combined with economic difficulties, partly explain this region's weaker performance.
In addition to the above, the Algarve region has always been very dependent on the British market.
Fluctuations in the UK economy and possible post-Brexit difficulties, such as the devaluation of the
pound and higher travel costs, may have had a negative impact on the number of overnight stays by
British tourists in the Algarve in 2024.

5. Discussion and Results

In this study, the Box and Jenkins (Box et al., 2015) methodology has been applied to the series
of quarterly overnight stays by NUTS II regions in Portugal. The main objective was to assess the
impacts of the financial and pandemic crises. The graphical presentation of the series shows that there
are breaks in the structure, so these abrupt changes can call into question the methodology of
SARIMA models. The application of SARIMA models to the evolution of the number of quarterly
overnight stays by NUTS II in Portugal made it possible to obtain some results, namely about the
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impact on the behaviour of the series of external effects such as the 2008 financial crisis, Brexit and
the COVID-19 pandemic. In terms of the general results of applying this methodology, the seasonality
component was clearly identified, and between regions, for example peaks in the 3rd quarter and
troughs in the 4th quarter, and the trend of continuous growth in the number of overnight stays was
visible, except for periods of shocks. Because the model shows statistical anomalies (higher than
expected residuals) in crisis years, jeopardising the forecast, the analysis was carried out in two sub-
periods: from 2004/1Q to 2019/4Q and 2020/1Q to 2024/3Q. In regional terms, Lisbon and the Algarve
are the region’s most sensitive to external shocks, as they depend more on international tourism,
justifying our choice.

The 2008 financial crisis, which stemmed from financial deregulation, had an impact on the
entire economy and on Portugal's tourism sector, particularly foreign tourists. The regions that
suffered the greatest impact, due to their dependence on tourism and all the associated activities,
were the Algarve and Lisbon. The adjusted models show a drop in the growth trend after 2008 with
a slow recovery until 2013-2014. The year 2008 was marked by a slowdown in tourism in Portugal's
main regions due to the global financial crisis. The impact of the crisis was felt most clearly in the last
quarter of 2008, with the region’s most dependent on international tourism recording the biggest falls
in overnight stays.

In 2010, the Portuguese tourism sector began to show signs of recovery after the negative impacts
of the global financial crisis that deeply affected 2009, reflected in the quarterly rates of change in the
number of overnight stays. Lisboa performed particularly strongly, with growth rates in all quarters,
while the Algarve, although showing signs of recovery in the third and fourth quarters, still
struggled, especially in the first few months of the year. Although the impact of the financial crisis
was still visible in 2010, the year marked a positive turning point for the tourism sector in Portugal,
with a sustained recovery in the last few quarters.

Brexit had a significant impact on overnight stays in all of Portugal's NUTS II regions, due to
their extreme dependence on UK tourists as an inbound market. However, since the data does not
identify British tourists, this has not been analysed in this article. In qualitative terms, Brexit has led
to a reduction in the growth of British tourists, especially in regions such as the Algarve.

During the pandemic crisis in 2020 and 2021, the number of overnight stays fell dramatically in
all the regions under study. However, the regions most affected were Lisboa and the Algarve in the
sum of the intermediate quarters (with average rates, considering the two intermediate quarters of
2021 compared to 2019), that exceed 60% and 50%, respectively. The immediate impact, measured by
the rates of change in the quarters from 2020 to 2019, reflects the period with the greatest restrictions,
with sharp drops in overnight stays of around 70 per cent in some quarters of 2020.

Between 2020 and 2021, the Lisbon and Algarve regions were heavily impacted by the pandemic,
with historic drops in 2020 and a slow recovery in 2021. The comparison between 2022 and 2019
allows us to gauge the degree of structural recovery after two years of pandemic impact. The
evolution of the Lisbon and Algarve regions shows that, despite some positive signs, the sector was
still recovering, with results still below pre-pandemic levels.

In 2023, compared to 2019 levels, the trends in the Lisbon and Algarve regions are quite different.
Lisbon showed a strong recovery in all quarters, with consistent growth above pre-pandemic levels.
The Algarve, on the other hand, had a more irregular behaviour, with signs of recovery only in the
4th quarter.

In 2024, the Lisbon region showed a strong and consistent performance over the three quarters.
The Algarve had a promising start but fell off in the following quarters. Portugal saw an increase, but
with a gradual slowdown in the number of overnight stays compared to 2019. To summarise, we can
conclude from the data that the tourism sector showed an overall recovery, but with regional
differences, with Lisbon being the strongest and the Algarve presenting challenges.

In terms of forecasting, and for the period 2003-2019, there is a high degree of structural stability.
The SARIMA models have a good predictive performance for the number of regional overnight stays,
with low errors (see the values obtained for MAPE and U-Theil's). The series being analysed shows
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a positive trend over time for the various regions, and the models fitted over the period work well in
short-term forecasting terms. For the 2020-2023 period, due to the structural break in the
pandemic period, the estimate models fail to adequately predict the number of overnight stays with
high forecast errors.

6. Conclusions and Future Research

SARIMA models capture well the dynamics of the number of overnight stays in Portugal in the
absence of exogenous shocks and can be used for forecasting purposes. Each NUTS Il region analysed
has its own seasonal parameters, revealing the diversity of tourism in Portugal. This methodology
revealed forecasting failures in the face of shocks such as the 2008 financial crisis and the COVID-19
pandemic, suggesting the need to readjust parameters or use alternative modelling for the 2020 to
2023 sub-period. After the 2021 period, the series began to return to previous patterns, but with
changes in trend and seasonality, with the most prominent region being Lisbon.

In short, the external shocks left clear marks on the behaviour of the model's residuals and the
recovery seen in the overnight stays series varies between regions, with a more consistent recovery
in Lisbon standing out, while the Algarve region is subject to greater challenges. The Lisbon region
proved to be more resilient, while the Algarve was more vulnerable to shocks. This can be explained
by the Algarve's high dependence on international tourism, mainly from the UK, less tourism
diversification and the fact that it is very seasonal.

In future research, we intend to apply alternative econometric models, such as autoregressive
models with structural breaks, to include the variable type of accommodation, to consider regression
models with number of overnight stays, type of accommodation, and turnover, and to cross-reference
type of accommodation and NUTS II. To improve the forecasts, the 2020-2021 data could be excluded
or smoothed to test models that deal better with structural breaks.

7. Implications and Contributions to Practice and Future Research

The results of this study make a valuable contribution to public policy, regional tourism
management, and scientific research in tourism crisis contexts. Using ARIMA and SARIMA models
to analyse the evolution of the number of overnight stays in NUTS II regions in the Portuguese
context proved to be a robust approach in scenarios of statistical normality but was limited in the face
of exogenous shocks such as the 2008 financial crisis or the 2020-22 global pandemic caused by SARS-
CoV-2.

In terms of public policy, the empirical evidence presented here enables the region’s most
vulnerable to external crises to be clearly identified, which could inform the development of more
targeted and effective policies. For example, in the case of the Algarve, where there is high
dependence on international tourism, recovery has been slower, suggesting the need for measures to
promote diversification of source markets and tourism products ([2]). Furthermore, the econometric
models demonstrate their usefulness as a tool for supporting planning and public decision-making
by enabling the anticipation of downturn patterns and guiding promotional, financial and
organisational resource management measures. [1] emphasise the importance of forecasting systems
in supporting evidence-based strategic decisions, particularly during recovery phases.

The results of this study offer relevant strategic support for planning risk mitigation actions for
tour operators and regional tourism entities. For example, the information broken down by region
and the forecast of future tourism demand patterns enable more efficient resource management,
adaptation of tourism portfolios to new consumer preferences and creation of synergies between
regions to mitigate the effects of seasonality. The study also highlights the importance of digital data
collection and analysis systems in promoting more responsive and informed tourism management,
as [21] have pointed out.

From a scientific perspective, the study confirms the suitability of ARIMA/SARIMA models for
regular time series but highlights their limitations in volatile contexts. Therefore, we suggest applying
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models with structural breaks, such as Bai-Perron or Markov-switching models, to future research.
These models can capture abrupt transitions in the series regimes. Additionally, we recommend
testing ARIMA-GARCH models, which are suitable for heteroscedastic series, and exploring hybrid
approaches combining classical statistics and machine learning, as proposed by [30]. Including
exogenous variables, such as exchange rates, lockdown measures, and mobility data, may also
improve the predictive robustness of the models ([3]). Combining this approach with qualitative
methods, such as interviews with tourism industry professionals or surveys of tourists, could provide
additional insights into behavioural factors and risk perception that are not captured in quantitative
models.

Finally, this analysis has important implications for the sustainability of tourism and its capacity
to adapt to future crises. As argued by [8], the integration of environmental, social and carrying
capacity indicators into predictive models could significantly enrich planning and management tools.
Digital transformation also emerges as a central strategic axis, with tourism intelligence systems
based on big data, artificial intelligence and digital platforms being fundamental to an effective,
coordinated, real-time response to fluctuations in tourism demand.

In summary, this study contributes to our understanding of the differential impact of economic
and pandemic crises on regional tourism in Portugal and paves the way for new methodological
approaches, more robust planning practices, and more sustainable and resilient tourism development
strategies.
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