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Abstract

In recent decades, the tourism industry has experienced remarkable growth, making it essential

to provide accurate forecasts of tourism demand for the efficient allocation of resources and

continued growth of the industry. This thesis presents a machine learning approach to forecast

tourism demand in Portugal. However, forecasting in the tourism sector faces a challenge:

compromising the balance between model accuracy and interpretability. While some highly

accurate models lack transparency, making them difficult to understand, this study addresses

this concern using the Tree SHAP method. By identifying the contributions of the features, this

approach offers a globally interpretable model, increasing the reliability of tourism demand

forecasts. This thesis aims to answer: 1) What are the tourism demand trends in Portugal?; 2)

What are the key features that most significantly influence tourism demand for different tourist

accommodations in Portugal´s municipalities?; 3) How to trigger valuable insights in tourism

demand forecasting models via the application of explainability strategies? For this purpose,

non-public data from Turismo de Portugal and additional variables, such as population, are

used to train an XGBoost model. The main predictors of demand in Portugal were revealed,

including summer, population, and number of beds. This study has practical implications for

policymakers and management teams in the marketing and tourism sectors, providing valuable

information for decision-making in the sector.

Keywords: Tourism demand forecasting, Tourist overnight stays, Bed occupancy rate,

Explainable AI, Tree SHAP, XGBoost.
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Resumo

Nas Âultimas dÂecadas, a indÂustria do turismo tem registado um crescimento significativo,

sendo essencial o fornecimento de previsões precisas da procura turÂıstica para a alocacËão

eficiente de recursos e para o crescimento contÂınuo da indÂustria. Esta tese apresenta uma

abordagem de aprendizagem automÂatica para prever a procura turÂıstica em Portugal. No

entanto, a previsão no setor do turismo enfrenta um desafio: comprometer o equilÂıbrio entre

a precisão do modelo e a sua interpretabilidade. Embora alguns modelos altamente precisos

carecËam de transparência, tornando-os difÂıceis de compreender, este estudo aborda esta

preocupacËão utilizando o mÂetodo Tree SHAP. Ao identificar as contribuicËões das variÂaveis,

esta abordagem oferece um modelo globalmente interpretÂavel, aumentando a credibilidade

das previsões da procura turÂıstica. Esta tese pretende responder a: 1) Quais são as tendências

da procura turÂıstica em Portugal?; 2) Quais são as caracterÂısticas chave que influenciam

de forma mais significativa a procura turÂıstica por diferentes alojamentos turÂısticos nos

municÂıpios de Portugal?; 3) Como acionar conhecimentos valiosos em modelos de previsão da

procura turÂıstica atravÂes da aplicacËão de estratÂegias de explicabilidade? Para este propÂosito,

são utilizados dados não pÂublicos do Turismo de Portugal e variÂaveis adicionais, como a

populacËão, para treinar um modelo XGBoost. Os principais fatores de previsão da procura

em Portugal foram revelados, incluindo o verão, a populacËão e o nÂumero de camas. Este

estudo tem implicacËões prÂaticas para os responsÂaveis polÂıticos e para as equipas de gestão

nos setores do marketing e do turismo, fornecendo informacËões valiosas para a tomada de

decisões no setor.

Keywords: Previsão da procura turÂıstica, Dormidas de turistas, Taxa de ocupacËão de camas,

Inteligência Artificial ExplicÂavel, Tree SHAP, XGBoost.
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1 Introduction

In recent decades, the tourism industry has witnessed a growing trend, becoming a cru-

cial sector of a country’s economy. As a result, it has become essential for both government

agencies and the private sector to develop an appropriate demand management plan (15). An-

ticipating the future volume of demand in the tourism industry correctly is a key component of

this plan, since miscalculations can have serious consequences. Underestimating demand can

lead to customer loss and dissatisfaction, overcrowded facilities and stations, and rapid depreci-

ation of facilities. On the contrary, overestimating demand can result in an unjustified increase

in companies’ costs, maintaining the high quality of unsold seats and increasing total general

expenses (21). Therefore, accurate modelling and forecasting of tourism demand is vital for

the effective allocation of resources and the continued growth of the tourism industry (48).

These forecasts offer valuable insight into both short-term operational strategies and long-term

resource optimisation (49).

Portugal has been standing out in the tourism industry and is increasingly becoming a trend

due to its diverse attractions, cultural richness, recognised gastronomy, a broad range of diverse

accommodation options and other factors. Furthermore, the economic impact of this growing

tourism sector has been significant. The increase in the number of tourists and investment in

tourism-related companies has played a crucial role in boosting local economies. In 2022 the

tourist accommodations in general registered 28.9 million guests, which provided 77.2 million

overnight stays growing by 80.7% and 81.1% respectively compared to the previous year (19).

This growth is linked to the substantial capital investments required by tourist enterprises, ac-

tively stimulating the local economies in which they are built.

This tourism activity contributes to the increase of the national Gross Domestic Product

(GDP), strengthening local revenues through compatibility with other existing industries such

as restaurants, and generating numerous job opportunities. In 2022, the GDP registered a no-

table growth, increasing by 6.7% in volume, the highest rate since 1987, and in nominal terms,

GDP increased by 11.4% in 2022, reaching around 239.2 billion euros (19).

Given the importance of this sector, precise tourism demand forecasting has become a

prominent topic in academic research, and it plays a crucial role in predicting future economic

development. However, there are several approaches to forecasting, and it is worth noting that

no single forecasting model is suitable for all types of tourism destination data with different

time horizons (23).

In this context, this thesis aims to address the specific demand forecasting challenges within

the tourism industry. To accurately predict Portugal´s future economic development, a ma-
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chine learning approach is initially implemented to predict the demand in the various tourist

accommodations of each municipality. However, one of the many challenges in forecasting

tourism demand is the compromise between the accuracy of the model and its interpretability.

While certain forecasting models can be highly accurate, they often lack transparency, since

are insufficient in terms of interpretability, leaving their results less understandable to human

comprehension. This insufficient explanation can hinder the wider acceptance of research find-

ings in the tourism sector (46).

To overcome this issue, an explainable machine learning technique will be used in this

study. This approach aims to provide more transparent and understandable insights, improving

the overall reliability of tourism demand forecasts and aiding decision-making. It is vital to

note that tourism demand forecasting is a dominant field of research, but it still offers room for

improvement and refinement. With this regard, this thesis focuses on the following research

questions:

1. What are the tourism demand trends in Portugal?

2. What are the key features that most significantly influence tourism demand for different

tourist accommodations in Portugal´s municipalities?

3. How to trigger valuable insights in tourism demand forecasting models via the applica-

tion of explainability strategies?

2 Literature Review

2.1 Emerging Trends and Challenges in Tourism

Tourism, as defined by the Division. and Organization. (9), is a social, cultural, and eco-

nomic phenomenon related to the movement of people to places outside their usual place of

residence, pleasure being the usual motivation. This dynamic sector has witnessed evolving

trends and faced various challenges over the years.

One notable emerging trend is digital tourism, which is set for continued growth in the

future, driven by technological advances and evolving consumer preferences. The future of

digital tourism offers exciting possibilities, including the integration of voice and chatbot assis-

tants, social media integration, and sustainable practices. By embracing these evolving trends,

companies can promote sustainable growth and offer travellers exceptional experiences for the

next years (40).
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In addition, all travellers, especially Generations Y and Z, have shown a growing awareness

and concern for sustainability. The COVID-19 pandemic has increased their ecological aware-

ness, during their booking behaviors (2).

Tourism is currently facing challenges, having been severely affected by the crisis triggered

by the COVID-19 pandemic and then, just as the sector was beginning to recover, it was hit

again by the economic and social consequences of Russia’s war in Ukraine, which dealt a fur-

ther blow to recovery prospects. In this climate of uncertainty in the world, and in the tourism

sector in particular, transformative actions are necessary to drive recovery and set tourism on

the path to a more resilient, sustainable, and inclusive future, and for this, they will have to face

new challenges (1).

The COVID-19 crisis laid several vulnerabilities in the tourism sector, challenging the prac-

tices of the tourism industry, drawing attention to issues such as poor risk management in the

travel industry and the global spread of diseases, but it also allows us to reflect on tourism,

leading it to a transformation towards responsible, sustainable, and socially innovative tourism

(technofunc). As John Smith, CEO of ABC tourism, remarked, ªThe pandemic has forced the

tourism industry to realize that they need to be able to adapt and change rapidly to meet the

shifting needs of their customers. This agility will be critical in the post-pandemic world”.

The conflict in Ukraine, coupled with economic sanctions on Russia, has introduced an-

other challenge for the tourism sector. The war has led to rising prices in oil, gas and food,

which will affect restaurant and transport costs with an impact on already high inflation rates,

especially in Europe, which together with the fact that leisure travellers don’t take expensive

holidays, greatly damages the tourism sector in general (10).

The future of tourism will be determined and facilitated by technology and allow small

tourism players to compete with giants. The fusion of information and communication tech-

nologies will enable tourism businesses to become more efficient and competitive (technofunc).

2.2 Tourism Demand Forecasting

In the field of forecasting, accurate predictions depend on the availability and analysis of

time series data (5). Tourism demand forecasting has become essential in the tourism industry,

and it provides important implications for destination policymakers and tourism practitioners

(7). Due to its importance, it has attracted a great interest among scholars, making tourism de-

mand forecasting a prominent and increasingly explored topic in academic research (34). Also

is a dominant research theme in the tourism field and one of the most popular measurements is
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tourist arrival1 ( ÈOnder (51); ÈOnder and Gunter (52); Onder and Wei (34)).

Although tourism demand forecasting clearly has benefits, it also presents innumerable

complexities and challenges. Despite the variety of models for forecasting, each method has its

own set of advantages and disadvantages. Furthermore, it is relevant to state that the suitability

of a forecasting method can vary according on the specific characteristics of tourism destination

data and the time horizon involved (45).

2.2.1 Related Work

Since the 1960s, the field of forecasting domain has relied on linear statistical methods such

as ARIMA models. However, in the late 1970s and early 1980s, it became apparent that linear

models are not suitable for many real applications (17). Recently, machine learning models

have become a formidable alternative to classical statistical models in the forecasting commu-

nity (5). This change in the forecasting approach has been especially relevant in the context

of tourism, where various characteristics are typically forecasted in most studies to understand

the dynamics of tourism demand. These variables include the number of trips from the origin

country to the tourism destination, the amount of money that is spent by the whole tourists in a

year or the average amount of money that each tourist spent in the destination region, and the

number of nights that each tourist stays at the destination (13).

Machine learning has introduced versatility to forecasting, allowing the development of ad-

vanced techniques such as artificial neural networks (ANN). Although studies have shown the

potential to improve forecast accuracy with these machine learning approaches, it is important

to emphasise that they may not offer theoretical explanations for associations between tourism

demand data and other variables (41). This limitation, evidenced by the lack of transparency

and interpretability of machine learning models, makes their results less comprehensible to

human understanding. This shortcoming not only hinders informed decision-making and the

formulation of strategies in the tourism sector, but also emphasises the need for a balance be-

tween forecasting accuracy and the interpretability of forecasting methodologies.

Moreover, it should be recognized that these techniques require some consideration, since

no single method consistently outperforms others across all scenarios (34).

In this field of tourism demand forecasting several methodologies are used, including time

series models, econometric models, and artificial intelligence (AI) models.

1number of tourists arriving at a particular destination.
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Time Series Models

Time series models are a fundamental tool for forecasting demand in the tourism sec-

tor. Traditional time series models include techniques, such as the naÈıve model, exponential

smoothing model, autoregressive±moving-average (ARMA) models, and structural time se-

ries model (36). These time series models offer several advantages in forecasting accuracy by

their ability to predict using only historical tourism demand data, allowing them to be easy to

implement and effectively predict trends and seasonality, however, they rarely consider the in-

fluencing factors of tourism demand, which may result in a loss of important information (50).

This advantage can be considered a limitation, since these models are unable to take explana-

tory factors into account, which makes it difficult to incorporate changes in policies and events.

A study by Oh and Morzuch (33) applied time series models to predict the tourism demand

for Singapore. They examined the monthly travelers’ arrival and based their modeling on sev-

eral determinants, including historic data of arrivals. The models used covered a wide range

of approaches, such as NaÈıve I, NaÈıve II, Linear regression, Winters’s model, Autoregressive

Integrated Moving Average (ARIMA), and Sine-wave regression. Their conclusions were in-

sightful, highlighting the influence of different performance statistics, such as mean absolute

percentage error (MAPE), mean absolute error (MAE), root-mean-square error (RMSE), and

the length of the forecast horizon, which can, in turn, choose different models as the best model.

They also pointed out that the model that performs the best during the training set may not have

the best performance in the test set and changing the length of the prediction period may have

an impact on what the best model is. The best performing model on the test set was a com-

bined model of two ARIMA models with an RMSE of 8,988.2. As a result of their study, the

authors concluded that structural models generally provide less accurate forecasts compared to

univariate models since they have more reasons for forecast error.

Lin et al. (26) forecasted the tourism demand in Taiwan using the aggregate number of

tourists who arrive in Taiwan every month. In the study, they applied three methods: time

series, ANNs and multivariate adaptive regression splines. To assess the performance of these

models approaches, was employed metrics like RMSE, mean absolute deviation and MAPE for

method comparison. In their study, time series models outperformed the other methods.

Econometric Models

Econometric models have a causal approach and seek to analyse the relationship between

tourism demand (the output variable) and its influencing factors (input variables), such as eco-

nomic, social, demographic, and more. The objective in econometric tourism demand forecast-

ing is to find the most influential variables in tourism demand (15). The strength of econometric
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models lies in their ability to estimate the contribution and importance of influencing factors

related to income, prices, etc. In contrast to time series models, econometric approaches of-

fer practical insights into what drives tourism demand. In addition to their advantages, they

have some limitations, such as depending on the number of explanatory variables, these mod-

els require extensive data collection and forecasting can be sensitive to model specification,

especially for complex models.

Hilaly and El-Shishiny (18) evaluated various econometric models and analysed the pros

and cons of each. The advances in econometric modeling were discussed and they reach to

the same conclusion of many studies that no single forecasting model can generate the most

accurate forecasts in all situations. They also introduced some new models, such as the tourism

technical analysis system model and AI techniques. Notably, they concluded that when ex-

planatory variables can be obtained or estimated accurately, AI techniques tend to give the best

results. However, for measuring the impacts of explanatory variables in economic and policy

issues, econometric modeling approaches are more useful.

AI Models

AI and Machine Learning (ML) are increasingly becoming powerful tools in several sectors,

particularly in areas of the economy where sales and marketing play a crucial role, according to

a report by McKinsey Global Institute analysis (30). Tourism belongs in these sectors, which

means that AI has an extraordinary potential for this sector, to better understand and resolve

tourism-related issues (12)).

By using these methods and approaches, tourism can discover previously unknown patterns,

correlations, insights and predict to answer future-oriented questions (44). However, also face

challenges in their complexity and implementation, along with the ªblack box” nature of their

results, which raises interpretability issues, as previously noted.

In AI models, historical time series data on tourism demand is required and explanatory

variables can be incorporated, depending on the specific model used. Some common explana-

tory variables include economic variables (e.g., GDP, exchange rates, and consumer prices),

demographic data (e.g., population size, age distribution), and social media data (e.g., tourist

sentiment, travel intentions, and social media engagement).

• Regression models

Semeida (39) carried out a comparative study between multiple linear regression and gener-

alised linear modeling to predict travel demand in low populated areas of Northeast Egypt. The
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author showed that the generalised linear model is superior in terms of accuracy and consid-

ered factors such as the number of trips per person per year, distance, population, area, income,

travel time, travel cost, and trip frequency.

The challenge of forecasting tourism demand in Hong Kong was addressed by Wu et al.

(47), using a Gaussian process regression model. To forecast the monthly international tourist

arrivals, their study tested many variables in the model, including travel demand from each

origin country, income levels of these origins, destination prices, transportation costs, foreign

exchange rates, and the population of the origin countries. The sparse model revealed that it

was more effective in comparison to the ARIMA, v-SVM and g-SVM models.

• Support vector machines (SVM)

Pai and Hong (35) introduced a multi-factor SVM with the aim of forecasting annual number

of visitors. The authors to increase prediction accuracy, combined the SVM with a neural net-

work. Their approach considered variables such as the service price, foreign exchange rates,

population, market expenses, gross domestic expenditure, and the average hotel rate.

Lin and Lee (27) investigated the forecasting of tourism demand in Taiwan, comparing dif-

ferent forecasting methods. Multivariate adaptive regression splines (MARS), ANN and SVR

were implemented to forecast the monthly number of tourist arrivals. The average error rate

revealed the superior performance of the SVR model over the other models, with a mean error

rate of 3.61%. The ANN model presented a sub-optimal performance with a mean error rate

of 7.08%, while the MARS model performed the worst with a mean error rate of 11.26%. The

key factors in this study included average hotel prices, the number of hotel rooms, international

flight capacity, GDP, consumer price index (CPI) and foreign exchange rates.

• XGBoost models

Li et al. (25) investigated the application of machine learning in analysing large volumes of

social media data to predict tourism demand in Sydney, Australia. The authors used algorithms

such as Extreme Gradient Boosting (XGBoost), SVR, Random Forest Regressor and Linear

Regression as forecasting models to predict tourist arrivals. They concluded that the XGBoost

model outperformed the others, with an MAE of 1432 and a MAPE of 3.93%, surpassing the

other models which obtained an MAE metric of over 2000 and a MAPE of over 7%. In their

study, variables relating to Christmas, the business environment, general news, security and the

exchange rate were the top five predictors of tourist arrivals.
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• ANN models

The challenge of forecasting tourism demand in the north of Portugal was addressed using

ANN (13). Their model is based on using the previous 12 values to calculate each forecast

value.

Tsai et al. (43) applied two multiple-temporal-unit neural networks (MTUNN) and parallel

ensemble neural networks (PENN) to forecast the travel demand by railway passengers, fo-

cusing on daily and monthly passenger demand. These networks were constructed using two

categories of data, including temporal features and level shifts. By comparing the networks

with MLPs showed the better performance of the two networks by the mean squared error and

the MAPE measures.

2.3 The Role of Interpretability in Tourism Demand Forecasting

In the context of tourism, many demand forecasting models have achieved high accuracy,

but are often insufficient in terms of interpretability. Machine learning models, although highly

accurate, remain incomprehensible to human understanding. These complex models fall into

the category of black box models, which are systems that do not reveal their internal mecha-

nisms and cannot be understood by examining their parameters (32). This insufficient expla-

nation prevents the acceptance of research results in the tourism sector. Researchers face the

challenge of making tourism demand forecasts interpretable in a compelling way and it is worth

mentioning that there is a lack of articles that prioritize interpretability in existing tourism de-

mand forecasting studies (46).

This limitation is crucial to providing a clear and transparent understanding of tourism de-

mand forecasts, allowing the results to be easily communicated and understandable to tourism

professionals, managers and other relevant stakeholders. Interpretability is highly relevant

when you consider the complexity of the tourism sector, where making informed decisions

is key to developing effective marketing strategies, managing destinations and allocating re-

sources. Moreover, by prioritising interpretability, researchers can increase the trust and accep-

tance of the results.

It is important to note that, as Molnar (32) mentioned, the higher the interpretability of a

machine learning model, the easier it is for a human being to comprehend why certain deci-

sions or predictions have been made. For this reason, the Machine Learning community has

started to turn to techniques focused on interpretability (20). These techniques usually adopt

two approaches to reach interpretability. Firstly, there are ML models designed to be intrinsi-

cally interpretable (intrinsic) due to their simplicity, achieving interpretability by restricting the
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complexity of the machine learning model, such as short decision trees or sparse linear models.

Secondly, there are techniques that provide posthoc explanations for the predictions made by

complex models, through the application of methods that analyse the model after training, in-

cluding approaches such as permutation feature importance. Furthermore, the explanation of a

machine learning model can be classified as local or global, depending on whether they explain

individual predictions or the overall behavior of the entire model (32). Global explanations fo-

cus on knowing what patterns are present in general, while local explanations involve knowing

the reasons for a specific decision (11).

3 Methodology

3.1 Data Collection

In this study, data collection focused on acquiring structured time series data from Turismo

de Portugal. The dataset has a multidimensional granularity, with monthly data covering the

years 2015 to 2022, and focuses exclusively on the geographical scope of Portugal. This ap-

proach extends to the municipal level, providing a localised perspective. And it also includes

the classification of accommodation facilities in each municipality.

The data collection process involved identifying the sources of data that contribute to the

study. Firstly, through direct contact with Turismo de Portugal, access to tourism data, such as

supply and demand data, was ensured and ethical considerations were taken into account, such

as the fact that information from some municipalities is subject to statistical confidentiality, so

this data should only be used for the development of the thesis. And finally, additional variables

were incorporated into the study through various sources detailed in Table 1.

Table 1: Description of the variables sources. These variables were

incorporated to enrich the original dataset.

Variables Source

Population Pordata according to Censos

Bed Occupancy Rate Instituto Nacional de EstatÂıstica (INE)

Number of Holidays Python ’holidays’ package

Lockdown MinistÂerio da AdministracËão Interna (31))

CPI INE

GDP INE

Crime Rate INE
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3.2 Data Preparation

This time series dataset was examined, originally containing 84,408 observations and 11

variables, with the outcome variables being overnight stays and bed occupancy rate. Data

quality assurance was fundamental throughout this process.

3.2.1 Data Preprocessing

The original dataset is clean, with no missing values, duplicates, or unusual outliers. All the

potential outliers identified were considered reasonable, contextualized, and justified due to the

unique characteristics of each municipality, recognizing the disparities inherent in the tourism

industry. However, a peculiar occurrence was identified on a specific datapoint corresponding

to rural tourism in the municipality of Soure in December 2015. This entry presented a value

of 0 for crucial variables, namely overnight stays, guests, and the number of beds. To deal with

this anomaly, it was decided to impute these values using the average of the previous values for

each of the respective variables. The purpose of this imputation strategy was to preserve the

time trend and maintain the consistency of the dataset.

For the purpose of this work, only local accommodations, rural tourism, hotels, tourist

apartments, apartment hotels, inns and tourist villages were considered. Additionally, a new

classification, hotel establishments, was introduced by grouping hotels, apartment hotels and

inns according to Regime JurÂıdico dos Empreendimentos TurÂısticos (RJET) ± Decreto-Lei n.ë

39/2008.

Feature engineering was performed to enrich the original dataset. A population feature was

added, representing the number of people in each municipality per year. Bed occupancy rate

(BOR) was calculated based on formal concepts of tourism, capturing the relationship between

overnight stays and the number of beds. The formula is as follows:

BOR =
Number of Overnight Stays

Number of available beds × number of days in the specific month
× 100

Equation 1 - Formula for bed occupancy rate according to INE. (1)

Three additional features, number of holidays, lockdown, and season, were incorporated.

The former accounted for the number of national holidays in each month and year, while the

latter introduced a binary feature signifying COVID-19 lockdowns. The days affected by lock-

downs were treated as holidays, preventing their recurrence in future trend analysis. In 2020,

the lockdown days were identified as April, May, November, and December, while in 2021,

they were observed in January, February, March, and April. Additionally, the categorical fea-

ture season was included to represent the season of the respective month, which provides more

10



insights about potential seasonal patterns in the data.

Two key economic indicators were also included in the dataset. The Consumer Price Index

(CPI) to measure the general price level in Portugal in the NUTS II regions. And Portugal’s an-

nual Gross Domestic Product (GDP), which was distributed evenly over the months, assuming

a consistent GDP throughout the year. This data provides information on economic conditions

in Portugal and can be useful in the modeling process, as mentioned in the section 2.

Finally, a new variable, crime rate, was introduced to assess the security levels across all

municipalities over the available years. Given that the crime rate information is only provided

on an annual basis, an assumption was made that the crime rate remains constant over the

months, similar to the treatment of the GDP feature.

After the initial data pre-processing stages, the next crucial phase in preparing the dataset

for tourism demand forecasting was to determine the optimum number of lagged inputs (NLIs).

However the determination of NLIs can be a time-consuming effort (4), identifying lag relation-

ships in time series data is critical for tourism demand forecasting, given the changing influence

of features across different lags (22). The initial step involves selecting the lag-order of time

series variables, often achieved through methods like the Granger causality test (24).

The Granger causality test was applied to assess whether the past values of the indepen-

dent variables can predict the target variables overnight stays and bed occupancy rate. The

lagged features further contribute to the analysis by adding the following considerations: lagged

overnight stays (t-1) which represent the number of overnight stays in the previous month for

the same municipality and classification; lagged independent variables (t-1) for the variables

guests, number of establishments, number of beds and number of rooms, which reflect values

from the previous month for the same municipality and classification.

With these transformations applied to the data, the dataset has suffered significant changes,

resulting in a total of 76,873 rows and 25 columns. This reduction in rows is caused by the ex-

clusion of the month of January 2015 due to the incorporation of lagged variables. The Table 2

provides a detailed description of each variable, including the respective data types.
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Table 2: Data dictionary of the final dataset. Description of the variables with the

respective datatypes.

Variable Description

Date (datetime64) Date of the observation.

Year (int64) Year associated with the observation.

Month (int64) Numerical month of the year.

Name month (object) Name of the month in full.

NUTSII (object) Designation of NUTS level II.

Municipality (object) Identification of the municipality.

Population (int64) Number of people per year.

CPI (float64) Monthly economic indicator.

GPD (int64) Monthly economic measure of GDP.

Crime Rate (float64) Monthly crime rate.

Number of Holidays (int64) Number of national holidays.

Lockdown (int64) Binary value indicating lockdown.

Season (object) Classification of the season.

Classification (object) Classification of the accommodation facility.

Overnight Stays (int64) Total number of overnight stays.

Guests (int64) Total number of individuals.

Number of establishments (int64) Total number of establishments.

Number of beds (int64) Total number of beds available.

Number of rooms (int64) Total number of rooms available.

Bed Occupancy Rate (float64) Percentage of beds occupied.

Note: The lagged features are also included and represent the previous month’s values for the same

municipality and classification of the current feature.

3.3 Modelling

In the modeling phase, the Extreme Gradient Boosting (XGBoost) algorithm was chosen

as the forecasting model using the xgboost package. Is known for its robust implementation of

gradient-boosting decision trees and stands out as an efficient and fast algorithm that can help

understand complex data and make better decisions (25).
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To apply this method, the dataset was divided into training (approximately 80% of total

samples) and test sets (approximately 20% of total samples), with the training set containing

data until June 2021 and the test set covering from July 2021 to December 2022 (Figure 1).

(a) Distribution of the sets for the models with the overnight stays as the target variable.

(b) Distribution of the sets for the model with the bed occupancy rate as the target variable.

Figure 1: Distribution of the train and test set. The train set contains data
until June 2021 and the test set contains from July 2021 to December 2022.
Note: The split was the same for all the models. The X-axis represents dates, spaced at

intervals of 3.

Motivated by the results of Oh and Morzuch (33), a simple univariate XGBoost model was

chosen as a benchmark to evaluate the performance of the model that predicts the number of

overnight stays. This reference is based on the relationship between the past and the present,

using only overnight stays in the last months, overnight stays (t-1), as a forecasting factor. The

reason for this choice is due to the authors’ view of the effectiveness of univariate models and

the potential pitfalls associated with more complex models.

Next, a model with XGBoost algorithm was implemented with overnight stays as the target

variable. The selected independent variables incorporated essential historical characteristics

related to tourism in Portugal. These included features such as the number of establishments

and the number of beds, both used in the current months, along with their lagged versions from

previous months. Additionally, the model incorporated features that capture temporal aspects,

including the year, month, season, lockdown and the number of holidays. And other indicators,
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namely the crime rate and the population described in Table 2 from section 3.2.1. To fit this

model, the objective function was set to ‘count:poisson’, since is tailored for count data like

overnight stays. A randomized search with a Time Series Split with 5 splits was employed to

optimize hyperparameters.

After a varied benchmarking process and by investigating numerous models and parame-

ters, the XGBoost algorithm was used not only to train models with an absolute target, such as

using overnight stays as the target, but also to develop a model with a relative target variable,

such as the bed occupancy rate in Portugal, since there are challenges related to modeling with

the absolute target model. This model uses the same set of features as the model with overnight

stays as the target to predict tourism demand. To fit this model, the objective function was set

to ‘reg:gamma’, due to the nature of the target variable- bed occupancy rate. In the Appendix,

Figure 22 displays the left-skewed distribution of this variable, ranging from 0 to 100, which

makes ‘reg:gamma’ more suitable for capturing the characteristics of the data. A randomized

search was employed to optimise hyperparameters, using a Time Series Split with 5 splits to

deal with the temporal nature of the data. This decision was motivated by the temporal depen-

dencies present in the dataset, ensuring that the model is evaluated on different time periods

during the cross-validation process. In addition, a post-processing step was introduced to re-

fine the predictions. A function was implemented to adjust the model’s predictions to the valid

range of [0, 100]. Given the nature of the bed occupancy rate, this step ensures that the predic-

tions align with the requirements of the target variable.

The hyperparameters selected for the two target models, overnight stays and bed occupancy

rate, were based on key parameters such as the learning rate, the maximum depth of the tree

and the regularisation terms:

• Base score: represents the initial prediction value on the average value of the response

variable before building the trees. It can be adjusted during tuning, allowing the model

to explore different starting points and assess their impact on overall performance.

• Learning rate: controls the shrinkage of each tree’s contribution. Smaller values require

more iterations but can improve generalization. It can explore different step sizes to find

the ideal balance between model accuracy and computational efficiency.

• Number of estimators: determines the number of trees to be built, increasing this num-

ber may improve performance but also increase training time which can lead to overfit-

ting.

• Maximum depth: defines the maximum depth of each tree. Deeper trees can capture

more complex interactions but may overfit. Smaller values were used to assess the com-

plexity of the model, avoiding very deep trees that could lead to overfitting.
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• Subsample rate: controls the fraction of samples used for fitting each tree. Smaller

values introduce randomness and can prevent overfitting. The grids chosen, present in

Table 3, allow the model to be trained on a smaller fraction of data in each iteration,

avoiding overfitting.

• Colsample by tree: controls the fraction of features used for training each tree. Like

subsample, it introduces more randomness and helps to reduce overfitting.

• Alpha and Lambda : introduce L1 and L2 regularisation to control the complexity of

the trees. They help to prevent overfitting by penalising large coefficients.

• Minimum child weight: influences the minimum sum of weights needed in a child.

The grids were chosen to control the minimum weight needed in a child node, avoiding

partitions with too few instances.

• Gamma value: specifies the minimum loss reduction required to make a further partition

on a leaf node. The grids were selected to control the minimum loss reduction needed to

make an additional partition, adding regularisation to the model.

Table 3 represents the various combinations of values chosen for the key parameters.

Table 3: Parameters chosen for the models. Parameters with a description of the

corresponding value grids.

Parameter Model Overnight Stays Model BOR

Base score [0.5, 0.6, 0.7] [0.5, 0.6, 0.7]

Learning rate [0.01, 0.05, 0.1, 0.15] [0.01, 0.05, 0.1, 0.15]

Number of estimators [50, 100, 150, 200] [50, 100, 150, 250, 300, 350]

Maximum depth 2 to 6 2 to 10

Subsample rate 0.6 to 0.9 0.6 to 1

Colsample by tree [0.6, 0.8, 1] [0.6, 0.8, 1]

Alpha and Lambda [0.1, 0.2] [0.1, 0.2]

Minimum child weight [5, 10, 20] [5, 10, 20]

Gamma value [0, 0.1, 0.5] [0, 0.1, 0.5]

Note: The BOR model corresponds to the model in which bed occupancy rate is the target variable.
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Finally, to evaluate the performance of the XGBoost models, error metrics were used, such

as Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE), Root Mean

Squared Error (RMSE) and Coefficient of determination (R2), represented in Table 4. The

RMSE measures the average magnitude of errors between predicted and actual observations

and penalises larger errors more severely due to the quadratic term. The MAE calculates the

average of the absolute errors, providing a direct measure of the magnitude of the errors without

squaring them, making it less sensitive to extreme values, and penalises errors in the same way

as the RMSE. MAPE expresses the errors as a percentage of the actual observations, penalising

in proportion to the scale of the observations, which means it penalises larger actual values

more, but can be sensitive to cases with small actual values. The R2 represents the proportion

of the variance explained by the model, ranging from 0 to 1, where higher values indicate a

better fit. The R2 penalises unexplained variance, highlighting the quality of the fit.

As indicated by the section 2, the most used metrics to this type of problem include MAE,

MAPE and RMSE. This preference arises from certain limitations associated with R2, despite

being widespread use. R2 is very sensitive to outliers, where extreme values can have a large

impact on the metric, distorting the interpretation of the model’s performance.

In the context of tourism, events such as pandemics often lead to extraordinary or unusual

values, influencing the model´s performance significantly and resulting in inaccurate evalua-

tions. Additionally, the R2 provides an overall measure of model fit, but may not effectively

highlight performance variations across different data segments. In tourism forecasts, demand

can vary significantly between regions, seasons, or types of establishments. This metric may

not fully capture the variations in these diverse conditions, complicating the understanding of

the model’s effectiveness in specific contexts.

Therefore, when using R2, it is crucial to extend the analysis with other metrics to obtain

a more comprehensive evaluation of the model’s performance. This ensures an extensive eval-

uation, especially given the unique challenges and characteristics associated with forecasting

tourism demand. It should also be noted that in order to compare models with different target

variables, which in turn have different types of representation, it is essential to use metrics that

take into account the scale of the data and are not influenced by its magnitude. So, to assess the

performance of these models, only metrics that are robust to variations in scale will be consid-

ered, namely MAPE and R2.
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Table 4: Error metrics to evaluate performance. MAE,

MAPE, RMSE and R2 and their respective formulas.

Metric Formula

MAE
1

n

n
∑

i=1

|yi − ŷi|

MAPE
1

n

n
∑

i=1

|yi − ŷi|

yi

RMSE

√

∑

n

i=1
(yi − ŷi)

2

n

R2 1−

∑

n

i=1
(yi − ŷi)

2

∑

n

i=1
(yi − ȳ)2

3.4 Interpretability

As a next step, an explanatory tool was implemented to tackle the challenge mentioned in

the section 2 concerning insufficient explanations in the tourism sector.

Interpretability tools have been developed to help data scientists and machine learning prac-

titioners better understand of how ML models work (20). The most popular methods are LIME

and Shapley values and provide posthoc explanations, allowing researchers to identify the im-

portance of the input variables and, in turn, to add an interpretation to the model prediction (8).

The tool used was SHAP (SHapley Additive exPlanations) via the SHAP package, that is

widely used and provide both local and global explanations. SHAP is a post-hoc explanation

technique for black box ML models, which offer a game-theoretic approach to explain the

output for any ML model. This approach assigns importance scores to each feature for each

prediction (28). These scores are based on the notion of Shapley values from cooperative game

theory, they ensure a fair distribution of ªcredit” over the input features for each prediction,

also these scores elucidate how each feature impacts predictions. Features with positive SHAP

values positively impact the prediction, while those with negative values have a negative im-

pact. The magnitude is a measure of how strong the effect is (20).

The Shapley value is the only method that satisfies properties of Efficiency, Symmetry,

Dummy and Additivity (32).

• Efficiency: The feature contributions must add up to the difference of prediction and the

average prediction.
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• Symmetry: The contributions of two feature values should be the same if they contribute

equally to all possible coalitions.

• Dummy: A feature that does not change the predicted value should have a Shapley value

of 0, regardless of which coalition of feature values it is added to.

• Additivity: In the context of multiple predictions functions, the summation of Shapley

values can be calculated for each prediction or using both prediction functions.

The Tree SHAP algorithm was specifically used as a specialized implementation of SHAP

values, since it was designed for tree-based models, such as XGBoost. This choice was made to

ensure accurate and efficient explanations for the model’s predictions in the context of tourism

demand forecasting, providing information on the contribution of each feature to a specific

prediction.

4 Results

4.1 Exploratory Data Analysis

The foundation of study’s analysis lies in understanding the temporal evolution of demand.

The behavior of demand, reflected in overnight stays over the period analysed, shows through

Figure 2 a pattern of relative stability with small improvements initially until 2020. The year

2017 stands out as the year with the highest demand between 2015 and 2022, with an average

of approximately 6844 overnight stays. A significant disruption occurred in 2020 and 2021, as

the global COVID-19 pandemic and associated restrictions led to a drastic decrease in demand.

These difficult circumstances led to a massive decrease in overnight stays during these years.

In 2022, demand recovered, marking a return to some appearance of normality, and recorded

an average of approximately 67245 overnight stays.

Figure 2: Demand behavior over time. Mean Overnight Stays per year

shows a stable pattern across 2015 to 2019. In 2020, due to COVID-19

there was a drop and, in 2022, a recovery with a result returning more simi-

lar to previous years.
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In Figure 3 shows that demand for overnight stays has a seasonal pattern, with fluctuations

observed over the months of each year. Seasonality is present, characterized by pronounced

peaks during the summer months. This increase in demand is in line with typical tourist behav-

ior, as individuals often seek accommodation during the summer season.

Figure 3: Demand behavior over the months of each year. Mean Overnight

Stays per month indicates a seasonal pattern throughout the month. Season-

ality is present during the summer months, which is as expected.

From 2015 to 2022, the total number of overnight stays in the various regions (NUTS II)

reveals distinct patterns in tourism activity. Algarve takes the lead, with a substantial total of

135.7 million overnight stays. Lisbon follows, with a significant 112.1 million overnight stays,

which highlights the capital’s attraction for visitors. On the other hand, Alentejo has a compar-

atively lower number of overnight stays, with a total of 19.3 million (Figure 4).
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Figure 4: Total overnight stays by NUTS II in mainland Portugal (2015-

2022). Total Overnight Stays over the years show that Algarve is the region

with the most overnight stays, followed by Lisboa.

When analysing the municipalities, Lisboa stands out as the municipality with the highest

demand, reflecting its popularity among tourists. Also is observed in Figure 5 that warmer

weather tends to attract more visitors. The peak of demand was observed in August 2019, with

a high average aligned with expectations of 481329 overnight stays.

Figure 5: Demand behavior for Lisboa over the months of each year. Mean

Overnight Stays per month show that, in almost every year, the summer

months are the ones chosen by tourists to visit Lisbon.
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The frequencies of the classifications of tourism data, represented in Figure 6, reveal a di-

verse range of accommodation. The majority of the data is attributed to local accommodations,

representing 31.3%. Rural tourism follows close behind, comprising 31.0% of the data, with

24091 observations. Hotel establishments account for 29.6%. Tourist apartments, with 5.4%,

and tourist villages, with 2.7%, represent smaller but significant segments. Despite the fre-

quency of accommodation classifications, hotel establishments emerge as tourists’ preferred

choice, collecting a total of around 327.0 million overnight stays during the period from 2015

to 2022. This is followed by local accommodation, with a notable difference of 269.3 million

overnight stays, which means that it registers a total of 57.7 million overnight stays (Figure 7).

Figure 6: Classification frequency of accommodation facilities (%). The

percentage of entries in the data for each classification from 2015 to 2022

shows that local accommodations is the accommodation facility with the

most data, followed by rural tourism with 31% of the data.
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Figure 7: Demand behavior by type of accommodation facility. Total num-

ber of Overnight Stays from 2015 to 2022 shows that hotel establishments

are the preferred choice by tourists, with a major difference in the number

of overnight stays compared to the other classifications.

As can be observed in Figure 8, the mean bed occupancy rate reveals a considerably ex-

pected decline during the pandemic years, indicative of the challenges faced by the tourism

industry. However, in 2022 a positive trend emerges, showing a collective recovery in all

classifications, with an emphasis on hotel establishments. It can also be seen that hotel estab-

lishments consistently exhibit a prominent position, being the classification with the highest

number of occupied beds in most years. A deviation from this trend occurred in 2019, when

tourist villages outperformed all classifications in every year, registering the highest average

bed occupancy rate of approximately 40%.

Figure 8: Bed occupancy rate by classification over time. Mean bed occu-

pancy rate per year shows an expected drop during the pandemic years. In

2022 there was a recovery in this rate in all classifications.
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Looking at the supply side of tourism, the recovery from the serious crisis generated by

COVID-19, which severely affected all activities linked to tourism, is noteworthy. Despite this,

2022 was the year in which the most increases were observed in the main indicators relating

to the supply of tourist accommodation, including the number of establishments and the num-

ber of rooms, showing the highest values for these indicators. This positive trend reflects a

recovery in the tourism industry, signifying a gradual return to normality and an encouraging

revitalization of tourism-related activities (Figure 9).

(a) Number of Establishments available over time.

(b) Number of Rooms available over time.

Figure 9: Supply behavior over time. The total number of establishments

and rooms available per year shows a notable recovery in 2022, after the

impacts of the COVID-19 pandemic.

23



Through descriptive analysis, relationships within the dataset were explored. Figure 10

shows that the variables number of rooms, number of beds and guests and their respective

lagged variables exhibit the highest correlations with the target variables overnight stays and

bed occupancy rate, indicating their significance in predicting demand. In addition, the vari-

ables population and lockdown are also included in the highest correlations with the bed oc-

cupancy rate. The presence of multicollinearity was observed and verified in some variables

through the high variance inflation factor (VIF). In addition, the associations between the cate-

gorical variables were assessed using Cramer’s V. The variable classification showed the great-

est association with overnight stays, with a value of approximately 0.31. The variable season

was the most associated variable with bed occupancy rate with a value of 0.23.

Figure 10: Triangle Correlation Heatmap. Through observing the correla-

tions between variables show that the variables number of rooms, number

of beds and guests are the ones with the highest correlations with overnight

stays and bed occupancy rate.

By examining the key variables of interest based on the high correlations of these variables

with targets and the targets themselves (Figure 10), it can be seen in Table 5 that the population

and crime rate variables registered a mean of 36437 and 2.4‰, with standard deviations of ap-

proximately 60888 and 0.8‰, respectively. The overnight stays and guests recorded a mean of

approximately 5760 and 2161, with standard deviations of 36977 and 13409, respectively. The

number of establishments, has a mean of around 6, accompanied by a standard deviation of 19.

The variables number of beds and number of rooms reveals a mean of 444 and 197, along with a

standard deviation of 2041 and 927, respectively. These standard deviations indicate that there

is a diversity in these variables across establishments. Finally, the bed occupancy rate shows a

24



mean of 25%, with a standard deviation of 20%.

Table 5: Descriptive analysis of the key numeric variables of interest. The key

variables of interest, based on the correlations, are population, crime rate, overnight

stays, guests, number of establishments, number of beds, number of rooms and bed

occupancy rate.

Variables Mean Standard Deviation Minimum Maximum

Population 36,437.11 60,888.26 384 558,461

Crime Rate (‰) 2.39 0.83 0.72 6.82

Overnight Stays 5,760 36,977 1 1,164,529

Guests 2,161 13,409 1 469,083

Number of establishments 6.20 19.16 1 666

Number of beds 443.97 2,041.66 2 51,826

Number of rooms 197.24 926.76 1 24,868

Bed Occupancy Rate (%) 25.34 19.67 0.03 100

4.2 Occupancy Forecasting

As mentioned in section 3.3, a benchmark was carried out and the results of the models

were compared, predicting demand in the test set and evaluating the model’s performance by

comparing the predicted demand with the actual demand.

The resulting models were fitted using a randomized search with a combination of param-

eters to improve performance in predicting demand, using overnight stays and bed occupancy

rate as target. The selection of the hyperparameters was done by choosing the best cross-

validated RMSE score. The optimal configuration of the best parameters is displayed on Ta-

ble 6.
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Table 6: Best parameter configuration of the models.

Parameter Model Overnight Stays Model BOR

Base Score 0.6 0.7

Learning Rate 0.1 0.1

Number of estimators 200 400

Maximum depth 5 9

Subsample rate 0.9 0.9

Colsample by tree 0.8 0.8

Alpha and Lambda 0.2 0.2

Minimum child weight 20 10

Gamma value 0.5 0.5

Based on the performance metrics results represented in Table 7, the Overnight Stays model

outperforms the benchmark model in all metrics, except MAPE: lower RMSE, indicating fewer

incorrect predictions; significantly lower MAE, which indicates a smaller absolute error and a

higher R2, indicating a larger proportion of the variance is explained by the model. The MAPE

is slightly higher, reflecting a higher percentage of error relative to the actual values. So, it

should be noted that the Benchmark model performs worst, which contrasts with the point of

view of Oh and Morzuch (33).

When analysing the Overnight Stays model, the model has a much higher RMSE and MAE

values compared to the Bed Occupancy Rate (BOR) model, indicating a greater deviation be-

tween the predicted and actual values for overnight stays. However, as noted in section 3.3, the

performance of this model can only be meaningfully compared with the others using MAPE

and R2, with MAPE being favoured due to consideration of the limitations associated with R2,

as detailed in section 3.3. This suggests that the Overnight Stays model provides a less accurate

relative representation of the data, due to the higher MAPE, but according to R2 it captures the

variance slightly better.

26



Table 7: Performance metrics results of the models. Benchmark, Overnight Stays and the

BOR model.

Performance Metric Benchmark Model Overnight Stays Model BOR Model

RMSE 16300.96 / 17419.51 13003.55 / 13183.51 7.14 / 7.14

MAE 1959.82 / 2159.23 1537.95 / 1664.63 4.86 / 5.04

MAPE 1.53% / 0.98% 1.62% / 1.08% 0.41% / 0.32%

R2 0.80 / 0.79 0.88 / 0.88 0.87 / 0.87

Note: The metrics represent the performance on the training set / testing set.

The superior performance of the Overnight Stays model compared to the benchmark model

is more evident when examining the residual plots. For lower values, the benchmark model

demonstrates lower accurate predictions, resulting in larger errors. Moreover, at higher values,

both models face challenges in accurately predicting the number of overnight stays, with the

benchmark model facing even greater difficulty in this regard (Figures 11a and 11b). Although

the overall performance of the Overnight Stays model is robust, it struggles when confronted

with higher values, particularly from around 400,000 overnight stays, displaying a pattern sim-

ilar to a logarithmic curve, as illustrated in Figure 11b. This issue arises due to the significant

disparities in overnight stays, ranging from 1 to 1,164,529, as can be seen in Table 5. The

presence of these high overnight stays introduces complexity into the model.

As a solution to overcome this limitation, a transition to using the Bed Occupancy Rate

(BOR) model is proposed. The bed occupancy rate serves as an alternative target variable,

offering the advantage of normalization and the limit of a range from 0 to 100. This approach

aims to mitigate the challenges associated with the wide range of overnight stays by provid-

ing a more manageable and normalized metric for model training and forecasting. By looking

at the Figure 11c, this model revealed to be more efficient than using overnight stays as a target.
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(a) Residual Plots for Train set (left) and for Test set (right) of

Benchmark model.

(b) Residual Plots for Train set (left) and for Test set (right) of

Overnight Stays model.

(c) Residual Plots for Train set (left) and for Test set (right) of BOR

model.

Figure 11: Comparison of Residual Plots between the models. The

residual plots show superior performance of the Overnight Stays

model compared to the benchmark.
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By analysing only the chosen model, BOR model, the predictions obtained by the model

can be seen in the training set and the test set through Figure 12a and Figure 12b which show

the performance of the predictions over the months of the training set and the test set using the

mean bed occupancy rate. It reveals that the model predicts values consistently, suggesting a

good capture of patterns over time in both sets. When there is a greater divergence of values,

the predicted values tend to be slightly higher than the actual values for the bed occupancy

rate. Furthermore, when comparing the two sets, the model shows significantly more accurate

predictions in the training set.

(a) True vs Predicted values on Train set over time.
Note: The X-axis represents dates, spaced at intervals of 3.

(b) True vs Predicted values on Test set over time.

Figure 12: Comparison of True vs Predicted values on Train and Test sets

over time. Mean bed occupancy rate of the predicted and true values for

each month of each year in the train and test set show that the model has an

overall good performance in both sets, with marginally better predictions in

the train set.

Figure 13 demonstrates the most substantial prediction errors in the municipalities on test

set, with Cadaval, Monforte, Salvaterra de Magos and Ourique being the municipalities with

the most pronounced discrepancies, registering a mean MAPE of approximately 167%, 158%,

125% and 124%, respectively. Moreover, it should be noted that in these municipalities, lo-

cal accommodations show the highest mean errors among all classifications for Cadaval and

Ourique. For Monforte, the classification tourist villages is the one with more errors and for
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Savaterra de Magos is rural tourism (Figure 14). It should be noted that Cadaval and Salvaterra

de Magos only have information available on local accommodations and rural tourism, Mon-

forte has no hotel establishments in the period analysed in the study, and Ourique has no tourist

villages. This emphasises the imbalance of data between classifications, as can be seen in Fig-

ure 6.

Figure 13: Distribution of the mean errors for the 15 municipalities with

high error on Test set. The mean errors show that Cadaval, Monforte, Sal-

vaterra de Magos and Ourique are the municipalities with the most associ-

ated errors.
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Figure 14: Distribution of the mean errors by classification for the 4 mu-
nicipalities with high error on Test set. For Cadaval and Ourique, local
accommodations are the classification with more errors.
Note: None of the municipalities in the Figure have any information available about the

tourist apartments classification.

In addition, the Figure 15 shows that tourist villages have the highest average MAPE, ap-

proximately 56%. This is followed by local accommodation with a value of 37%, while the

accommodation with the smallest error is hotel establishments, with a value of around 21%.

Figure 15: Distribution of the mean errors for the classifications on Test set.

The mean MAPE of the classifications show that tourist villages have the

highest mean error.
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On the other hand, Figure 16 shows the municipalities with the most correct forecasts,

where the municipalities of Matosinhos, Porto, Calheta (R.A.M.), Valongo and Ribeira Grande

hold the best positions, with mean MAPE of less than 10%.

Figure 16: Distribution of the mean errors for the 15 municipalities with low

error on Test set. The mean MAPE show that Matosinhos, Porto, Calheta

(R.A.M.), Valongo and Ribeira Grande are the municipalities with less er-

rors.

Given that Lisboa is one of the destinations most preferred by tourists, as can be seen in

Figure 5, an investigation was carried out for each accommodation classification, and it should

be noted that Lisboa has no information on tourist villages. Hotel establishments and local

accommodations emerged as the categories with less residuals in the forecasts, indicating a

more accurate capture of true value patterns. Conversely, for the tourist apartments and rural

tourism, the predictions show a greater distance between the predicted and true values, sug-

gesting less accurate results. The challenges in making accurate forecasts are closely linked to

the complexity of the data. Rural tourism, faces additional complexity due to limited training

data-available only for 2015, August to December 2020, January, May and June of 2021. This

imbalance makes it challenging to forecast accurate values (Figure 17).
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(a) True vs Predicted values for hotel establishments in Lisboa on Test set over time.

(b) True vs Predicted values for local accommodations in Lisboa on Test set over time.

(c) True vs Predicted values for tourist apartments in Lisboa on Test set over time.

(d) True vs Predicted values for rural tourism in Lisboa on Test set over time.

Figure 17: True vs Predicted values for the accommodation facilities in Lisboa on Test set over

time. The mean bed occupancy rate for each month of each year for different accommodation

facilities.
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4.3 Model interpretability

The Tree SHAP outputs, represented in Figures 18a and 18b, offer a comprehensive anal-

ysis of each feature’s contribution to the predictions built by the XGBoost model, providing

valuable insights to further investigate the key features that influence tourism demand. By

aggregating the importance scores for predictions, can be produced global explanations by av-

eraging the magnitudes of SHAP values across the entire dataset. The density scatter plot of

SHAP values for each feature reveals the extent to which each feature influences the model

output for individual data points.

With these Figures, it can be seen that, the season summer, population, number of beds (t-1)

in the previous months, month and number of beds in the current month emerge as the features

that play major roles in determining the results, making them essential inputs. On average, the

season summer leads to a change of 21 percentage points in the forecast result, followed by the

population, which causes a change of 17 percentage points. The number of beds (t-1) also has

a substantial impact, contributing to a 16 percentage points change in the result. In addition,

the month impacts a round 13 percentage points in the result. Finally, the number of beds has a

impact of 11 percentage points.

In Figure 18b, the features are not only ordered by their effect on the forecasts, but it is also

possible to see the impact of the highest and lowest values of the features on the model’s result.

It can be observed that lower values for the population and number of beds (t-1) are mostly

associated with a negative impact on the forecasts, while higher values for these features con-

tribute positively to the forecasts. Also the lockdown variable shows the impact of lockdowns

on forecasts. When the variable is set to 1, indicating periods of lockdown, it consistently exerts

a negative influence on the forecast results, as expected.

34



(a) Bar chart of mean importance. (b) Density scatter plot of SHAP values.

Figure 18: Tree SHAP implementation integrated into XGBoost to explain the entire

dataset. The summer season, the population, the number of beds in previous months,

the month and the number of beds are the most important features in predicting the

bed occupancy rate.

From the global explanations provided by Figures 18a and 18b, the analysis of local ex-

planations becomes fundamental for this study. This localised information offers a detailed

understanding of how specific features, such as the number of beds and month, influence fore-

casts.

The values provided by Figure 19 refer to the August 2022 observation for hotel estab-

lishments in Lisboa, which has a bed occupancy rate of 73.34%. It is relevant to note that, in

all the available data, there is not a single observation with a bed occupancy rate above 80%,

which is related to the fact that Lisbon is the municipality with highest demand, but yet has

enough supply to cover this demand. When interpreting the values in the figure, it is essential

to realise how each variable contributes to the model’s prediction in relation to the expected

average value. As all the values present are considered ªhigher values”, it suggests that, for this

observation, these features increased the prediction. Analysing each feature individually, it can

be seen that:

• Crime rate (4.93‰): the SHAP value for Crime Rate suggests that, compared to the

expected average, the higher crime rate in August 2022 contributes positively to the pre-

dicted bed occupancy rate for hotel establishments in Lisboa. For this specific observa-

tion, a higher crime rate is associated with higher predicted bed occupancy.

• Month (8- August): the SHAP value for the month of August suggests that, compared

to the expected average, the fact that the observation corresponds to August increases the

bed occupancy rate prediction. This is in line with the typical trend in which demand can

be higher during the summer months.
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• Population (546923): for this observation, the higher population compared to the ex-

pected average, in Lisboa in August 2022 contributes positively to the predicted bed

occupancy rate.

• Season Summer (1): the SHAP value for the summer season suggests that, compared

to the predicted average, the fact that the observation takes place in the summer season

contributes positively to the predicted bed occupancy rate. This is also consistent with

the trend of increased demand for tourism and accommodation during the summer.

• Number of beds (t-1) (50928): the SHAP value for the number of beds in the previous

month indicates that, compared to the expected average, having a higher number of beds

in the previous time month contributes positively to the predicted bed occupancy rate.

This implies that historical data on bed availability influences the forecast.

Analysing this specific observation suggests that all of the features with higher than average

values increase the model’s prediction of bed occupancy rate.

Figure 19: Force plot illustrating the impact of each feature on the prediction

for hotel establishments in Lisboa during August 2022. The impact of each

feature suggests that all the features contribute positively to the model´s

prediction.

Secondly, the only municipality that achieved a 100% occupancy rate of available beds in

2022, Lousada, was studied in the months of October and December. The analysis will focus

on observing the month of December 2022 in Lousada’s hotel establishments. The values

provided by Figure 20, are not all ªhigher values”, which means that there is a positive and

negative impact of the variables on the model’s prediction:

• Crime Rate (1.62‰): a higher crime rate has increased the prediction of the bed occu-

pancy rate. This can be unintuitive, and it is essential to consider this in the context of

the learnt patterns of the model.

• Number of establishments (1): the SHAP value indicates that the existence of one es-

tablishment in Lousada is associated with a higher predicted bed occupancy rate for that

particular observation.

• Population (47760): A higher population has contributed positively to the predicted bed

occupancy rate. Larger populations might indicate more potential demand.

36



• Year (2022): the year 2022 being a higher value has contributed positively to the pre-

dicted bed occupancy rate. This may suggest that the model has learnt specific trends for

the year 2022.

• Season Summer (0): not being in the summer season contributed negatively to the ex-

pected bed occupancy rate. Summer seasons are often associated with greater tourist

activity, so the absence of this season has a negative impact.

• Month (12- December): the month being December has decreased the prediction. De-

cember might be a period with lower tourism activity compared to other months.

The values for these variables suggest that having a single establishment, a higher crime

rate, a larger population and the specific year 2022 are associated with a higher predicted bed

occupancy rate. On the other hand, the absence of summer and the month of December are

associated with a lower predicted bed occupancy rate.

Figure 20: Force plot illustrating the impact of each feature on the prediction

for hotel establishments in Lousada during December 2022. The absence of

summer and the month of December are associated with a lower predicted

bed occupancy rate.

Contrary to the previous cases, the Figure 21 shows a case where the bed occupancy rate

is lower: Vimioso is the municipality that had the lowest mean bed occupancy rate in 2022.

The case observed is for rural tourism in August, which was the month with the highest bed

occupancy rate, 28.57%, in that year. When analysing each feature individually, the following

can be seen:

• Number of holidays (1): having one holiday suggests that there might be increased

tourism activity during that period, potentially leading to a higher bed occupancy rate.

• Month (8- August): August is typically a peak month for tourism, contributing to a

higher bed occupancy rate.

• Season Summer (1): Summer is in line with August, reinforcing the expectation of

increased tourism and higher bed occupancy.

• Population (4143): a lower population, lower than the expected average, may imply that

Vimioso is a smaller municipality with fewer residents and the impact on tourism may
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change, which in this case has decreased the prediction. However, smaller populations

can lead to fewer tourists.

• Number of beds (t-1) (79): the number of beds in the previous month was lower than the

expected average, which suggests a decrease in bed capacity, potentially influencing the

current bed occupancy rate.

• Number of beds (83): a lower number of beds in the current month still indicates limited

accommodation capacity.

These identified values such as the month, season summer and the presence of a holiday in-

dicate a situation where contribute positively to the model´s prediction. However, the popula-

tion, the number of beds and the number of beds (t-1) may contribute to a lower bed occupancy

rate.

Figure 21: Force plot illustrating the impact of each feature on the prediction

for rural tourism in Vimioso during August 2022. The impact of each fea-

ture suggests that the population, number of beds (t-1) and number of beds

are below the expected average or have a negative impact on the model’s

prediction for the specific observation.

5 Discussion

An analysis of tourism demand was carried out, which made it possible to assess the trends

in the demand for overnight stays in Portugal. There was a regularity in overnight stays over

the years studied, which was only interrupted by the unexpected event of COVID-19 in 2020

and 2021. In 2022, with the end of the pandemic, the pre-covid values returned, indicating

a regular trend in demand for overnight stays in the future (Figure 2). This analysis demon-

strated that there is significant seasonality, with the summer months being the most attractive

for tourists (Figure 3), who tend to prefer the Algarve and Lisbon regions (Figure 4) with hotel

establishments as their first choice of accommodation facility, followed by local accommoda-

tions (Figure 7). This study of the dynamics of demand provides valuable insights into the

trends shaping Portugal’s tourism industry.

This thesis presents a methodological framework for analysing tourism demand. This

framework focused on forecasting tourism demand by applying a machine learning model de-

signed to extract valuable knowledge through the application of explainability strategies. The
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study involves the implementation of an XGBoost model and the development of SHAP to in-

terpret the model’s decision-making process. Using these methods, the key features that most

significantly influence tourism demand were investigated.

The model’s performance metrics, as shown in Table 7, such as RMSE, MAE, MAPE and

R2, suggest that the model with overnight stays as a target is robust, as it outperforms these met-

rics, except MAPE, compared to the benchmark model, making it a more reliable and accurate

tool for this study objective compared to the benchmark model. The effectiveness of this model

shows a certain pattern regarding performance, where it demonstrates superior performance for

smaller values of the target variable and encounters some challenges when predicting higher

values. This phenomenon is expected given the wide range of values for the target variable,

overnight stays.

These disparities emphasise the complex nature of forecasting in a dataset characterised by

a significant amount of variability. The challenges in forecasting higher values are associated,

in particular, with municipalities characterised by extensive overnight stays, a pattern evident

in classifications such as hotel establishments and local accommodations. These accommo-

dation facilities, which contribute to a considerable number of overnight stays, introduce a

complexity layer that requires careful consideration in the modelling process. In line with this

complexity, Hilaly and El-Shishiny (18) reach the same conclusion drawn by numerous stud-

ies, emphasising that no single forecasting model can generate the most accurate forecasts in all

situations. The complexities of the dataset, especially regarding to municipalities with a high

number of overnight stays, align with this perspective, highlighting the need for adapted mod-

elling approaches to suit diverse and complex scenarios. In retrospect, a potential solution was

implemented to address this challenge, providing a more adapted modelling approach. This

solution was to use the bed occupancy rate as the target variable, since it offers the advantage

of normalization and is limited to 0 to 100. This solution proved to be more accurate in terms

of performance metrics compared to the other models performed, although it showed some

limitations when it came to predicting bed occupancy rates above 90%, obtaining a higher pre-

diction error. Another possible strategy could also be to consider training specific models for

the most populous municipalities or those with the highest demand, considering their unique

characteristics and dynamics, to improve forecast accuracy.

Despite the merits of AI models, they face challenges. They often require extensive pa-

rameter tuning and vast datasets on past tourist behaviour and other factors to train the model,

which makes them susceptible to overfitting and slower to develop and implement. The results

can be difficult to interpret due to the lack of a functional form, and although they can be highly

accurate, they present challenges in transparency. To overcome these limitations that can hinder

the acceptance of research results in the tourism sector, the SHAP technique was used. This
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method provides more transparent and understandable information, improving the overall reli-

ability of tourism demand forecasts, aiding decision-making and allowing the magnitude and

importance of predictor variables to be extracted.

The inclusion of suitable independent variables when forecasting tourist demand is a major

challenge due to the dynamic nature of tourists’ tastes and attitudes (25). The study reveals that

the topics related to tourism supply, such as the number of beds and the number of beds (t-1), in

the previous months, are one of the main predictors of bed occupancy rate (Figure 18). Demo-

graphic factors, such as population, show their relevance in shaping tourism demand, which is

in line with what was mentioned in section 2. Temporal attributes such as the season summer,

the month and the year, are also key features that influence the tourism demand. Furthermore,

the study also suggests a positive impact of security measured through the crime rates, which

is in line with empirical verification by tourism scholars (Cho (6); Gao and Su (14); Goh (16);

Ribaudo and Figini (37); Richards (38)).

In contrast to the prevailing literature, the findings challenge the significance of some factors

in tourism demand forecasting. Economic indicators such as CPI and GDP, often considered

important in forecasting, are viewed as not crucial in this study.

In order to provide valuable insights for the municipalities’ respective accommodation fa-

cilities when making strategic decisions in the tourism sector, a detailed analysis of local ex-

planations was carried out. By focusing on local explanations, decision-makers obtain action-

able information tailored to their specific contexts, allowing them to make informed choices

that align with the observed impacts highlighted in the broader analysis. This differentiated

perspective improves the decision-making process of municipalities and their accommodation

facilities, promoting more effective strategies.

As an example, hotel establishments in Lisbon were examined during the month of August

2022 to obtain valuable information on the factors that determine the model’s forecasts for that

specific month and location (Figure 19). The positive SHAP value for the number of beds in

the previous month suggests that historical bed availability plays a crucial role, where more

beds in the previous month contribute positively to the predicted bed occupancy rate. Addi-

tionally, the positive SHAP values for the month of August and for the summer season indicate

that during the summer months there is an increase in demand for hotel establishments in Lis-

bon, which is in line with the general trend of higher demand during the summer months. A

higher population in Lisbon positively influences the expected bed occupancy rate, suggesting

an increase in demand in densely populated areas. At odds with expectations, a higher crime

rate contributes positively to the predicted bed occupancy rate, suggesting that crime is not a

significant factor for tourists. It is worth noting that municipalities with higher crime rates also
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have larger populations, which potentially leads to greater demand, since tourists prefer more

populous municipalities due to their greater popularity.

Another example is for hotel establishments in Lousada during the month of December

2022 (Figure 20), where this municipality is the only one in 2022 to have achieved a bed oc-

cupancy rate of 100%. Despite December being conventionally considered a low season for

tourism, the bed occupancy rate suggests a unique and perhaps untapped market scenario. The

influence of seasonal patterns is evident in the lower values for Summer and December, indi-

cating an off-peak season. The higher crime rate in Lousada did not act as a dissuading factor

for tourists during this period, potentially challenging the frequent association between high

crime rates and lower tourism. This may be due to what was mentioned above in the other ex-

ample. The higher population and the presence of only one hotel establishment may contribute

to higher demand, especially if Lousada is an attractive destination or hosts specific events.

This situation of reduced supply in terms of the number of establishments may represent an

opportunity for potential new hotel establishments, since the high population, together with

the limited existing options, suggests an unexplored market demand. Furthermore, the higher

value for the year 2022 emphasises the importance of considering annual trends, revealing that

Lousada has maintained high occupancy rates even in a challenging year for the tourism indus-

try. This tourism scenario in December 2022, marked by an occupancy rate of 100% during the

low season and influenced by local factors such as the crime rate and population, highlights the

need for local stakeholders and policymakers to understand these dynamics in order to optimise

tourism strategies.

A final example is for rural tourism in Vimioso during August 2022, the municipality with

the lowest mean bed occupancy rate in 2022 (Figure 21). This analysis shows that the obser-

vation is in line with the peak tourism season. The smaller population suggests that Vimioso

may be a smaller municipality with fewer residents. Tourism can be influenced by factors such

as natural attractions, cultural events or specific tourist activities. The lower values for the

number of beds (current and previous month) indicate a potential constraint on accommoda-

tion capacity. A limited number of beds may be contributing to the low bed occupancy rate.

The presence of a national holiday may contribute to an increase in tourism during this pe-

riod. However, other factors such as the attractiveness of the municipality and promotional

activities also play an important role, for example, in Vimioso in August there are local fes-

tivals with well-known national singers. The results suggest an interaction between seasonal

patterns, local characteristics and accommodation capacity to influence the bed occupancy rate.

These detailed analyses of the different accommodation facilities by municipality over a

given period can be valuable for understanding the dynamics that influence demand and provide

actionable information, guiding potential improvements in operational efficiency and strategic
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decision-making.

The application of the XGBoost model to tourism demand forecasting demonstrates the

dynamism and complexity of this field. Its effectiveness lies in its ability to deal with complex

and nonlinear relationships, modelling demand for new products or relatively new destinations

with limited historical time-series data.

This study has practical implications for policymakers and management teams in the mar-

keting and tourism sectors. Using the XGBoost model and implementing SHAP can help man-

agers and policymakers capture the crucial factors that can influence their outcomes. By ex-

tracting information from the model’s forecasts, they can make informed decisions.

6 Conclusion

The motivation for this thesis came from a critical analysis of the evolution of tourism de-

mand forecasting methodologies over the years. Despite the variety of successful methods used

to study this phenomenon, there is a notable gap, as mentioned in section 2, which concerns

the lack of studies that integrate explainability into their analysis. This scarcity has not only

challenged the reliability of existing research, but has also highlighted the need for a more

transparent and interpretable approach. Consequently, this thesis aimed to fill this gap by in-

troducing and applying an explainability framework to tourism demand forecasting. Since the

explainability of the model ensures that decision-makers can make decisions with confidence,

knowing the underlying factors that influence the results.

The results obtained from the study provide valuable information on the dynamics of Por-

tugal’s tourism industry in each municipality, which is an asset for policymakers and manage-

ment teams in the marketing and tourism sectors. By using the XGBoost model and the SHAP

technique, decision-makers have access to a comprehensive understanding of the main factors

influencing tourism demand. And this transparency of the model not only increases the relia-

bility of forecasts, but also facilitates more informed and strategic decision-making.

By focusing only on the policymakers, they can use the knowledge gained from the model’s

predictions to develop policies and initiatives that align with the specific dynamics of each mu-

nicipality. For example, understanding the impact of seasonal patterns, demographic factors

and local attributes allows for the implementation of strategies to optimise tourism promotion

during peak periods or to address challenges during slower seasons. Meanwhile, manage-

ment teams in the tourism industry can use the forecasting framework to optimise resource

allocation, marketing campaigns and operational strategies. Knowing the specific factors that
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drive demand in each municipality allows for more precise targeting of promotional efforts

and the development of personalized services to meet the preferences of the various tourists.

Ultimately, this increases the overall competitiveness of accommodation facilities and tourist

services.

In conclusion, this thesis contributes to the tourism sector, not only by providing a new

forecasting framework regarding its use in tourism forecasting, but also by emphasizing the

importance of explainability in enhancing the robustness and applicability of tourism demand

studies. The results obtained have practical implications that extend beyond theoretical knowl-

edge, providing actionable information to policymakers and management teams so that they can

define effective strategies, allocate resources wisely and contribute to the sustainable growth of

the tourism sector.

6.1 Limitations and Future Work

It is essential to note that this thesis has limitations, since the testing of this forecasting

framework is limited to Portugal and its municipalities. Therefore, the findings regarding the

factors that influence demand may not be generalisable to other destinations.

The tourism demand forecasting is a dominant field of research, presenting opportunities

for continuous refinement and improvement. This study can be improved and suggests poten-

tial directions for future exploration. Namely, the integration of external factors, such as events,

transport costs and exchange rates, to enable a more comprehensive understanding of their im-

pacts on tourism demand.

Incorporating data on events for each municipality throughout the years proves to be ad-

vantageous in forecasting tourism demand, given the impact of major events on visitor patterns

and the seasonal dynamics of tourism. Major events often lead to an increase in demand for

accommodations facilities, requiring measures in terms of room availability, pricing strategies

and overall capacity management. Unfortunately, due to data granularity limitations and the

unavailability of information on events in previous years through VisitPortugal, the inclusion

of this variable was not feasible for this thesis.

By adding exchange rates to the dataset, the relative price of a destination can be deter-

mined. According to traditional economic theory, an increase in price can correspond to a

decrease in demand and empirical studies have also confirmed this significant relationship be-

tween exchange rate and tourist arrivals (Wu et al. (47); Pai and Hong (35); Lin and Lee (27);

Li et al. (25)).
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Lin and Lee (27) emphasise the importance of average hotel prices as a key factor in their

study, highlighting the insights that can be gained by incorporating hotel price dynamics into

forecasting models. This strategic inclusion allows for a more detailed understanding of con-

sumer behaviour in the context of travel decisions. Another topic considered important in

forecasting tourism demand is the weather, which is considered to be one of the most important

factors in deciding on a travel destination (Becken (3); MartÂın (29)).

Recognising the importance of these additional characteristics underlines the potential for

future research to take advantage of this knowledge for a more accurate and comprehensive

forecast of tourism demand.
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Appendix: Figures

Figure 22: Distribution of Bed Occupancy Rate. It can

be seen the left-skewed distribution of the variable.
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