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Abstract

This study explores the viability of alternative methods for measuring human mobility in rural
settings, with a focus on Portugal. It aims to assess whether these methods can effectively
substitute or complement official statistics for modeling migration and mobility. Considering
the variables from two rural case studies, the study evaluates emerging applications in the
context of direct and indirect migration, commuting mobility, and recreational mobility. Based
on a systematic literature review, the study underscores that high-resolution gridded
datasets can offer precise population density estimates, however they may be better
calibrated against urban areas. Direct migration measurements through gridded net
migration datasets exhibit significant discrepancies from official statistics, highlighting a
possible absence of current solutions. The availability of commuting and recreational mobility
models is also limited geographically, and their adaptation to general rural studies requires
considerable effort, which may not be feasible as secondary development for rural research
applications. Ethical considerations concerning data privacy, responsible use of Al and
potential dual use of technology have been sparsely noted or not significantly discussed in
most studies reviewed. Looking forward, the current investment in the improvement of
gridded net migration estimates may increasingly result in more accurate and fine estimates.
Gradual gains in the understanding of commuting and recreational mobility in rural areas

may arise from model transferability.
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Resumo

Este estudo explora a viabilidade de métodos alternativos em medicdes de
mobilidade humana em ambientes rurais, com foco em Portugal. O estudo tem como
objetivo avaliar a possibilidade de novos métodos poderem efetivamente substituir ou
complementar estatisticas oficiais relativas a migracdo e mobilidade. Considerando as
variaveis de dois estudos de caso rurais, 0 estudo avalia aplicagbes emergentes no
contexto de migracao direta e indireta, mobilidade pendular e mobilidade recreativa.
Baseado em uma revisao sistematica da literatura, o estudo sublinha que grelhas
populacionais de alta resolugao podem oferecer estimativas precisas de densidade
populacional, apresentando, no entanto, a possibilidade de estarem melhor calibradas para
usos em areas urbanas. Medi¢cdes de migracao direta através grelhas de migragao liquida
exibem discrepancias significativas em relagao a estatisticas oficiais, indicando uma
possivel auséncia de alternativas correntes. A disponibilidade de modelos de mobilidade
pendular e recreativa também se demonstrou limitada geograficamente, e a sua adaptagao
para estudos rurais requer esfor¢o consideravel, o que pode nao ser viavel como
desenvolvimento secundario em aplicagbes de estudos rurais. Consideragdes éticas sobre
privacidade de dados, uso responsavel de IA e possivel dupla intengdo no uso de
tecnologia foram apenas esparsamente notadas na maioria dos estudos incluidos na
revisdo. Olhando para o futuro, o atual investimento para melhorar grelhas de migragao
liquida pode resultar cada vez mais em estimativas precisas e detalhadas. Ganhos graduais
na compreensao da mobilidade pendular e recreativa em areas rurais podem também surgir

da transferibilidade de modelos.

Palavras-chave

Modelos de Mobilidade Rural, Padrées de Migracao, Analise de Deslocamento Pendular,

Grelhas Populacionais, Privacidade em Pesquisa de Mobilidade
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Resumo Expandido

Este estudo investiga a viabilidade de métodos alternativos para calcular variaveis
de migracao e mobilidade humana em contextos rurais, com foco especifico em Portugal. O
objetivo é o de avaliar métodos emergentes que apresentem potencial de substituir ou
complementar estatisticas oficiais relativas a migracdo e mobilidade. Considerando as
variaveis de dois estudos de caso rurais, o estudo avalia modelos e aplicagdes emergentes
no contexto da migragao direta e indireta, mobilidade pendular e mobilidade recreativa. Com
base numa revisao sistematica da literatura, os resultados indicam que grelhas de
estimativas populacionais de alta resolugao podem oferecer estimativas precisas de
densidade populacional. Calculos de migracao direta através de estimativas de migracao
liqguida em grelha de 1000 m de resolugdo mostram discrepancias significativas em relagéo
a estatisticas oficiais. A disponibilidade de modelos de mobilidade pendular e recreativa
encontra-se geograficamente limitada. Os ajustes que requerem para utilizacdo em estudos
rurais fora das areas geograficas para as quais foram desenvolvidos requer um nivel de
esfor¢co de programacao e aquisi¢gdo de dados que pode nao ser viavel como
desenvolvimento secundario durante trabalhos de investigacao rural. Varias consideracoes
éticas relativas a privacidade de dados, ao uso responsavel de inteligéncia artificial e
potenciais usos diferenciais da mesma tecnologia para fins diferentes, mostraram-se pouco

realgadas ou sem discussao significativa na maioria dos estudos revistos.

Durante este estudo, as dificuldades encontradas na aplicacdo de modelos recentes
servem para realcar as multiplas facetas da mobilidade humana. Se o seu entendimento é
essencial para a compreensao de dindmicas populacionais e para questdes como seja o
planeamento de politicas de desenvolvimento, também a sua natureza permanece em parte
intangivel. Uma primeira abordagem permite uma diferenciagdo em tragos gerais entre
conceitos de migracao e mobilidade. Mobilidade tende a ser associada a todo o movimento
de individuos, enquanto migracao é normalmente utilizada como referéncia a movimentos
de natureza mais permanente ou de longo prazo. Analises quantitativas de ambos os
fendmenos apresentam desafios relativos a dificuldade de executar medi¢des objetivas.
Migracao e mobilidade tornam-se complexas devido a uma grande diversidade e
imprevisibilidade de comportamentos, a limitagdes em disponibilidade de dados, mas
também a preocupagdes com privacidade e a desafios metodoldégicos. Assim mesmo, no
meio de tal complexidade, a emergéncia de novas fontes de dados cada vez mais ricos em
detalhe, bem como a rapida evolugao de técnicas de modelacao, tém contribuido para uma

precisao crescente em modelos de migragao e mobilidade.
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Para estudar estes recentes avangos em modelagéo, a metodologia desenvolveu-se
ao redor da necessidade de uma revisao sistematica da literatura e de testes de
aplicabilidade para avaliar a relevancia dos modelos identificados. Num primeiro passo
foram selecionados dois estudos de caso relativos a investigagdo de aspetos do meio rural.
Abreu et al. (2019) e Canadas et al. (2023), forneceram a base para a sele¢ao de variaveis
de estudo e meio para condugao de testes de aplicabilidade. As variaveis de estudo foram
selecionadas com base na sua capacidade de representar migragao e mobilidade. De uma
inicial extragado de variaveis, surgiu a necessidade de agrupa-las em quatro categorias
distintas: medida direta e medida indireta de migracao, mobilidade pendular e mobilidade
recreativa. Esta selegao de variaveis permitiu direcionar a revisao sistematica de literatura,
através da pesquisa, identificagdo e avaliagao de publicagdes relevantes. Testes de
aplicabilidade envolveram a avaliagdo de modelos emergentes em relagao as variaveis do
estudo, usando software GIS para comparar estimativas obtidas através de modelos

recentes com dados censitarios.

Cada modelo foi descrito numa base de dados criada para o projeto com nome do
modelo, fontes de dados, acesso as fontes de dados, variaveis produzidas pelos resultados,
resolugao espacial, resolugao temporal, acesso aos resultados, métricas de precisao,
metodologia, cobertura geografica, casos de uso, vantagens, limitagdes e facilidade de uso.
Quando viavel, as solugdes identificadas foram testadas para avaliar a sua aplicabilidade as
variaveis selecionadas. As instancias especificas em que testes de aplicabilidade foram
realizados ou nao puderam ser conduzidos, mas foram consideradas relevantes para

exploracao adicional, estao delineadas na se¢ao 3.

Os resultados destacam que grelhas de estimativas populacionais de alta resolugao
podem oferecer estimativas precisas de densidade populacional, embora estas possam
apresentar melhor calibracao para areas urbanas. A revisao identificou que estas
estimativas de populagdao em grelha se mostravam adequadas em medi¢des indiretas de
migracao, como sejam densidade populacional, densidade populacional rural e variagao de
densidade populacional rural. Estas estimativas mostraram-se especialmente precisas
quando utilizadas grelhas de maior resolugao (100m). Estimativas de resolugéo mais
grosseira (1000m) demonstraram pequenas inconsisténcias ao nivel administrativo de
freguesia, mantendo discrepancias relativamente pequenas para calculos comparativos

entre varios anos como sejam numa variagao da densidade populacional.

Medigbes de migracao direta obtidas através de grelhas de estimativas de migracao

liguida mostraram discrepéncias significativas em relagéo a estatisticas oficiais. Alternativas



para medidas diretas de migragao, como migragao liquida, apresentaram diferencgas
notaveis, mas a publicagao de duas grelhas de estimativa globais no ano corrente talvez
possa indicar melhorias potenciais nessa area. Medidas de mobilidade pendular e recreativa
sdo abordadas por diferentes modelos, mas sua disponibilidade é limitada a regides
geograficas especificas ou dificil de ajustar, exigindo esforgo significativo de codificagao. Tal
pode nao ser viavel como desenvolvimento secundario enquanto conduzindo outro tipo de

estudo rural.

Os resultados revelam ainda que o campo de investigagcao dedicado ao
desenvolvimento de modelos de migracao e mobilidade esta bem estabelecido,
particularmente em contextos urbanos. Grelhas de estimativas populacionais com cobertura
global mostraram-se adequados para medi¢coes de densidade populacional, densidade
populacional rural e variagcao da densidade populacional rural, mas a resolu¢ao das grelhas
populacionais tem impacto nos resultados. Enquanto uma mais alta resolugdo apresenta
valores muito similares a valores dos censos, estimativas a mais baixa resolugéo espacial
demonstram algumas inconsisténcias em niveis administrativos mais detalhados (freguesia)
para a populagao total, enquanto mantém discrepancias relativamente pequenas na

variagcao da densidade populacional.

Em suma, este estudo concluiu que a analise de abordagens emergentes na
modelagdo de migragao e mobilidade humana aplicaveis a estudos rurais revelou limitagcoes
relacionadas a cobertura geografica, particularmente em areas rurais de Portugal, e
confirmou um foco urbano nos modelos emergentes, onde a mobilidade rural é, na melhor
das hipoteses, uma componente de entrada em mobilidade urbana. Além da revisao de
modelos alternativos, este estudo destacou as preocupagdes éticas transmitidas pelos
estudos revisados. Embora apontem para um consenso sobre preservagao de privacidade,
discussdes sobre consentimento, anonimizacdo de dados ou a natureza ambivalente usos

da tecnologia estiveram ausentes em muitos casos.

Em termos de futuros horizontes na investigacdo de mobilidade rural, este estudo
permite antecipar uma potencial evolugdo de modelos que potencialmente seriam capazes
de capturar um espectro mais variado de mobilidade rural. Por exemplo, a publicacao de
duas novas grelhas de estimativas globais de migracao liquida, apesar de suas limitagbes
atuais, sugere que em breve podera ser possivel analisar migragao em maiores resolucoes.
Tal possibilidade poderia melhorar significativamente estimativas populacionais utilizadas
em estudos rurais. Além disso, os modelos revistos tém melhorado com base em processos

de treino utilizando dados em tempo real, maior resolugdo espacial e rapidos avangos
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tecnolégicos. E possivel que algumas solugdes de modelos ultrapassem as fronteiras
geograficas para que foram criados ou trainados, com uma potencial transferibilidade de
modelos baseados no uso de fontes de dados mais facilmente acessiveis. Tal
desenvolvimento sera potencialmente mais relevante em termos da quantificacao de

mobilidade pendular e recreativa em ambientes rurais.

Por fim, varios modelos, com enfase nos que integram a previsao ou geragao de
fluxos de mobilidade, dependem de dados de movimento que apresentam novas questdes.
Além das preocupagdes mais comuns de privacidade relacionadas com a obtengéo e uso
de dados em si, tanto a fase de treino como a de geragao de um modelo — especialmente
quanto utilizando técnicas menos ou nao explicaveis como “deep learning” — geram novos
problemas de consentimento. Até que ponto a explicagdo detalhada de aspetos tao
inerentes a natureza humana como mobilidade e migragao foi ou pode ser consentida pelas
pessoas cujo comportamento assim fica detalhado. As discussdes atuais sobre ética em
inteligéncia artificial merecem atencgao tanto por aqueles que programam novos modelos,

como por investigadores que procuram solugdes para problemas especificos.
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1. Introduction

The interest to explore human mobility through emerging approaches, methods, and
applications is informed by two distinct professional engagements. First, originating from the
background on agricultural studies and the promotion of rural activities in Portugal. Second,
through the contributions to international humanitarian assistance in cases of internal
displacement. While these two areas are distinct, they provide useful contrasting views as
parts of them mutually rely on detailed human mobility data. An understanding of how people
move underlies initiatives related to development investment and wildfire mitigation in stable
rural areas as it does allow effective delivery of humanitarian assistance in regions of

displacement.

Both domains of activity present instances of dependency on mobility variables for
capturing shifts in population numbers and geographic distribution. For instance, this data is
used to target humanitarian aid delivery and in creating models for rural development or
wildfire mitigation. In common, these cases tend to face challenges of timeliness,

completeness, and relevance of official statistics for the proposed intents.

However, a meaningful distinction emerges from the urgency of accurate information
gathering being particularly acute in humanitarian scenarios. There, action is contingent
upon quick and accurate estimates of population displacement. On the other hand, in studies
related to rural Portugal, the use of official statistics appears to be prevalent even towards
the end of census cycles. In those cases, official census figures of population density, net
migration, and commuting mobility collected in periods of ten years are likely to present

some significant differences with reality.

In this context, the primary research question driving this study is whether emerging
methods could be a valid replacement alternative for official statistics when obtaining
migration and mobility data for rural models. The introductory sections briefly explore the
significance of migration and mobility, their measurement challenges, data sources,
variables, and tabulations. The study is based in the findings from a systematic literature
review of potential methods for acquiring these variables, and of assessing the practicality of
their use through applicability tests. Two specific studies, covering rural development models
and collective wildfire mitigation and adaptation have been used as examples for testing
applicability. Although this study has used concepts and frameworks acquired from
professional experience in displacement scenarios, it is centered exclusively on a stable

rural context in Portugal.



1.1. Migration and Mobility

1.1.1. Significance

Studies on internal migration and mobility as drivers of rural transformation have
underscored the role of population mobility in shaping rural landscapes and societies (e.g.,
M. Bell & Muhidin, 2009; Bosworth et al., 2020; Greenwood, 1997; Nori & Farinella, 2020; J.
L. Zhang & Bryant, 2020). Some studies, such as the research by M. M. Bell and Osti (2010)
discussed the impact of mobility on the character and functionality of rural areas, highlighting
how the movement of people within and into rural regions has redefined their socio-
economic dynamics, land use patterns, and overall resilience. Moreover, Baptista (2010)
while discussing Portugal and Nori & Farinella (2020) for the broader context of the
Mediterranean, have provided insights into the transformations in rural areas and their links

with migration and mobility.

Either explicitly, under the broader themes of migration (e.g., Lucas, 2007; Rye &
O’Reilly, 2021) and mobility (Bosworth et al., 2020; Klous et al., 2020; Meredith et al., 2021),
or implicitly, while focusing on specific issues such as context dependent depopulation
implications (e.g., Syssner, 2020), abandonment of agricultural land (e.g., Rey Benayas et
al., 2007), changes from space of production to space of consumption (e.g., Baptista, 2010;
Eusébio et al., 2017), return to rural areas (e.g., Santos, 2023) , or tourism (e.g., Lépez-Sanz
et al., 2021), several works in contemporary rural studies discuss how components of

migration and mobility influence demographic trends and shape rural communities.

Grasping migration and mobility dynamics is therefore important for managing and
planning in rural areas. For instance, Nori & Farinella (2020) partially attributed the growing
presence of immigrants in European rural areas to agricultural work and rural settings being
decreasingly attractive to local populations, opening a more favorable environment for
international immigrants. Others have discussed opportunities left by depopulation and
abandonment in terms of attractiveness for international workers, tourists and other settlers
(Eusébio et al., 2017). As the rural socio-cultural fabric and land use transform, evidenced by
a shift from agricultural livelihoods to commutes to urban employment or international
migration with only seasonal returns to the countryside, planning requires adaption to these

evolving patterns (Baptista, 2010).

Addressing opportunities and challenges arising from these shifts in rural settings
requires a nuanced understanding of migration and mobility. In rural studies, they have been
analyzed alongside other demographic variables, such as family composition, aging, rates of

fertility and mortality (Curtis & Kulcsar, 2019). Migration and mobility also impact core



population metrics, including total population, population density, births, deaths, in-migration,
and out-migration (Smith, 1992).

Similarly to humanitarian contexts, the significance of migration and mobility data lies
in its ability to enable inference of personal or group presence at a specified location, at a
defined moment in time (European Commission & United Nations, 2020). Such ability
creates possibilities for applications across different domains, while it also generates
different types of concerns. This research specifically looks at the possibility of deriving

migration and mobility from output variables in emerging models.
1.1.2. Definitions

In general, migration and mobility represent distinct phenomena in literature, but the
boundaries between both can be fluid. Broadly, the term 'mobility’ is associated to the
movement of individuals (Cresswell, 2006; Salah et al., 2022; Schwerdtle et al., 2020;
Wesolowski et al., 2013), although, for some authors, the term is restricted to movement
within a specific area or region (Barbosa-Filho et al., 2018; European Commission. Joint
Research Centre., 2022; Klous et al., 2020; Kraemer et al., 2020; Ruktanonchai et al., 2021;
Sorichetta et al., 2015). Some perspectives define mobility as an ability to move or travel
(Greenwood, 1997; Kalin, 2022).

On the other hand, migration typically refers to more permanent or long-term
movements of individuals from one place to another (Barbosa-Filho et al., 2018; European
Commission. Joint Research Centre., 2022; Greenwood, 1985; Kalin, 2022; Klous et al.,
2020; Kraemer et al., 2020; Ruktanonchai et al., 2021; Salah et al., 2022; Schwerdtle et al.,
2020; Sorichetta et al., 2015; Wesolowski et al., 2013). While there is a general trend
towards these definitions, the distinction is not always clear-cut. In several of these studies,
factors such as the duration of stay, intentions, distance traveled, and frequency of

movement can blur lines between migration and mobility.

However, for the purposes of this study, mobility is understood as all forms of
movement regardless of distance, while migration is viewed as movements with an intention
of long term or permanent relocation. This distinction, albeit artificial for many nuanced
cases, provides important structure for the categorization of variables and analysis of the

studies retrieved during literature review.
1.1.3. Measurement challenges

Challenges in measuring migration and mobility have been underscored by different
authors. The relationship between these challenges and the dynamic, diverse, and

unpredictable nature of human behavior have been extensively noted (Alessandretti et al.,



2020; Cresswell, 2006; Hasan et al., 2013; Kalin, 2022; Solmaz & Turgut, 2019; Sorichetta
et al., 2015). Mobility behaviors, shaped by multiple dimensions of reasons and motivations
(Hasan et al., 2013; Toch et al., 2019), may be difficult to analyze in domains with fluid
definitions and standards (Barbosa-Filho et al., 2018; European Commission. Joint
Research Centre., 2022; IOM, 2019; Kalin, 2022). Adding to these issues, data availability
limitations (Barbosa-Filho et al., 2018; Greenwood, 1985; Wesolowski et al., 2013), privacy
concerns (e.g., X. Li et al., 2021; Sorichetta et al., 2015) leading to individual choices for not
producing location data (Luca et al., 2020), and broader methodological challenges in data
collection (Klous et al., 2020; Solmaz & Turgut, 2019) further complicate objectivity in

measurements.

In addition, there are disparities in the geographical scope, volume, and quality of
data, as highlighted by Kraemer et al. (2020), and problems specific to tracking temporal
changes and seasonal movements (Ruktanonchai et al., 2021). The challenge extends to
the desired scale — human and geographic — of a study (e.g., Barbosa-Filho et al., 2018),
and the knowledge that previous research has shown significant variability in predictive
performance (Cuttone et al., 2018). The combination of these different problems has impacts
on temporal and spatial accuracies expected from mobility and migration estimates (Cuttone
et al., 2018; Greenwood, 1985).

If these difficulties verified the intangibility of human mobility (Creswell, 1994),
contemporary research is creating a new evidence space. Results from studies by
Ruktanonchai et al. (2021), focusing on practical geospacial and sociodemographic
predictors of human mobility, and Toch et al. (2019), surveying machine learning methods
and applications for analyzing large-scale human mobility data, partially contradict notions of
intangibility. These studies are examples of how research resorting to modern positioning
technologies - such as GPS, cellular triangulation, and WiFi — along with machine learning
techniques, is making human movement patterns increasingly discernible and analyzable.
Others, such as the use of mobile phone data for passive collection, have also yielded

detailed seasonal movement patterns across various regions (Ruktanonchai et al., 2021).

It is in this evolving context, that the current research aims to explore the recent
landscapes of migration and mobility studies as they have been influenced by technological
advacement. It specifically looks at the potential and practicality of using emerging methods

to quantify variables of migration and mobility in geographically localized models.
1.1.4. Data sources

The emergence of data sources has contributed to recent improvement in the

measurements of mobility. The International Recommendations on Internally Displaced



Persons Statistics (IRIS) (European Commission & United Nations, 2020) provide a useful
framework for understanding these sources in the context of mobility data. This study has

adopted several taxonomies from IRIS.

IRIS proposes three main categories of data sources. The first encompasses official
sources, which are produced by national statistical offices and meet specific statistical
quality standards. These sources include population and housing census, sample household
surveys, and administrative data and registers. The second category, operational data
sources, comprises of data collected by governments or humanitarian agencies for specific
purposes like humanitarian assistance. This type of data is likely to present variability in
terms of statistical quality. The third category encompasses other data sources, including
alternative such as big data from mobile network operators. These can be combined with
official and operational data or used independently in mobility analysis (European
Commission & United Nations, 2020).

Recent advances in mobility modeling have particularly benefited from the latter two
categories: operational and alternative data sources. Alternative data sources, such as
internet traffic, satellite imagery, social media locations, or mobile phone data, provide
precious information for validation and inference processes (European Commission & United
Nations, 2020, p. 73). Operational data sources are designed for addressing specific
mobility-related issues, such as internal displacement as outlined by IRIS. In situations
where official statistics are impractical, operational data sources that follow specific quality
standards can potentially transition into official statistics (European Commission & United
Nations, 2020, p. 74). Operational data sources are likely to provide accuracy and detail for
specific types of mobility and their associated challenges. As explored in results and
discussion, the combination of these two categories with official data sources has

significantly increased readability of some types of human movement.

In this research, the IRIS framework was employed to classify data sources during

the systemic review.
1.1.5. Variables and tabulations

Another section from IRIS with influence on this study covers variables and
tabulations. IRIS defines basic classificatory variables, or variables at the basis for collecting
and compiling statistics in the type of internal mobility it covers. Although several variables
are introduced, those specifically related to migration and mobility are relatively simple:
district or administrative area of habitual and current residence (European Commission &
United Nations, 2020, p. 58). Another concept of interest is the distinction that IRIS proposes

between stock and flow measurements: stock as the total number of people under a certain



category of mobility (e.g., in IRIS that category is internal displacement) in a specified
location, at a defined moment in time, and flow as a dynamic measure of how many people
entered or exited from a certain mobility category (e.g., internal displacement) within a

particular time-period (European Commission & United Nations, 2020, p. 33).

This study uses the IRIS framework for variables and tabulations to inform the
extraction of variables from two case studies and to analyze models identified in the

literature review.

1.2. Emerging Methods and Ethical debates

This study is based on the assumptions that emerging models are increasingly
accurate and such accuracy is closely tied to the availability of data and the robustness of
machine learning techniques. The research design included notions of gridded population
estimations with increasing readability of potential location as well as distinctions between
predictive and generative models. The awareness of flow generation models, or the
synthetic creation of realistic mobility datasets among locations without specific knowledge
of real flows (Luca et al., 2020) and of deep neural networks in a deep gravity model for
explaining mobility (Simini et al., 2022) underpinned the motivations for the current research.
Furthermore, there was an initial assumption that emerging methods tended to respond
more to urban modeling needs than to needs in rural settings. Reviewed methods were

therefore scrutinized for their original development context — whether rural or urban.

Advances in methods are accompanied by many ethical problems. This research is
informed by a broader ethical discourse shaped by recent developments in legal frameworks
and guidelines for responsible Al implementation. It is also informed by diverse ethics
debates which have gained prominence in recent years, leading to different sets of principles
and guidelines for ethical artificial intelligence (e.g., see Fjeld et al., 2020; Floridi et al., 2018;
Floridi & Cowls, 2021; Jobin et al., 2019; Mittelstadt et al., 2016). The ethical dimension,
although only briefly touched upon in this study, is extensively explored in a simultaneous
PhD project around data and agency of displaced persons. Mainly retained for this study, the
collection and utilization of data, particularly in rural areas where anonymity may potentially
be compromised more easily, needs careful attention to informed consent, deidentification
processing, and prevention of re-identification. Ongoing discussions on model transparency
and the dual-use nature of technology for both beneficial and potentially detrimental

purposes, such as surveillance, remain central to ethical concern.

2. Research Methods



The research methodology employed in this study was a systematic approach to
literature review, aimed at isolating and analyzing demographic variables within rural-
focused studies that utilize modeling techniques. As a first step, the process involved
identifying case studies that employ demographic variables in the context of rural
development. From these, variables specifically related to migration and mobility were
extracted and subsequently categorized. A second phase entailed a systematic literature
review of publications post-2020 that proposed models of human mobility or migration,
resulting in a pool of 32,436 publications. A set of inclusion and exclusion criteria, including
the relevance to individual mobility and the presence of accuracy metrics in the results,
narrowed down the number to 203 publications. After further refinement and the application
of exception criteria, an in-depth review of 37 publications was conducted. In a third phase,
the selected works were submitted to applicability testing for assessing the relevance and
practicality of the variables and categories identified. The final phase of the methodology
was an analytical assessment of the variables related to migration and mobility by category,
resulting in an overview and discussion of current modeling approaches with relevance in

rural mobility. The different methodological steps are illustrated in Figure 1.
Figure 1. Methodological Flowchart and Literature Review Process for “Measuring Human

Mobility in Rural Areas: Emerging Approaches, Methods, and Applications”.
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2.1. Research Question

The research question underpinning this study was “Is it possible to retrieve
migration and mobility variables from emerging methods instead of official statistics, and can

those methods be used in practical rural modelling applications?”.

2.2, Rural Case Studies



The research incorporates a systematic literature review to identify and test emerging
models and applications relevant to rural settings. In selecting case studies for
methodological guidance and to test the applicability of variables, the scope was more
targeted. The studies chosen, specifically those by Abreu et al. (2019) and Canadas et al.
(2023), fulfilled specific criteria: they were recent publications that employed modeling or
indexing approaches suitable for rural contexts in Portugal and utilized a multidimensional
array of variables. These two studies were influential as foundation for the selection of

variables and testing of a real-world application of alternative measurements.

Abreu et al. (2019) proposes the use of a rural development index to support
planning and decision making in public investment. Although a detailed validation of the
index is not within this study's remit, the work of Abreu et al. (2019) demonstrates how
migration and mobility are integral to rural planning. Within the population dimension, the
index includes factors such as population density, rate of natural increase, demographic
dependency, and net migration. Here, net migration is conceptualized as a measure of a
region's “attractiveness capacity” — the net balance between immigration into and
emigration from a specific geographic region during a given period. This approach to
attractiveness is based on the author’'s assumption that a higher index of rural development
may lead to a higher capacity on attracting population (Abreu et al., 2019). While different
perspectives and statistical definitions of attractiveness may arise, the quantification of
population movements into and out of a geographic area remains relevant in planning of

rural public investment and development initiatives.

Canadas et al. (2023) propose an approach described as wildfire mitigation and
adaptation (WM&A), which encompasses prevention measures and the creation of
defensible or survivable spaces as an alternative to fire suppression (Canadas et al., 2023).
They have studied five key dimensions of factors potentially influencing collective WM&A
actions, namely land use and land coverage, institutions, external resources, wildfires, and
similar to the previous example from Abreu (2019), a population dimension. Only in this
case, population is described by distinct variables, such as population density and its
variation in rural areas, structure, education, occupation, followed by measurements of
migration and mobility, such as residence outside the same parish 5 years before, mobility to
work or study in another parish in the same municipality, or proxies such as

seasonal/secondary dwellings, tourism and leisure indicators (Canadas et al., 2023, p. 3).

The use of migration and mobility dimensions in these two studies illustrates their

significance to rural issues. The use of related indicators demonstrates the application of



migration and mobility measurements for issues as diverse as wildfire management and
rural development planning. Furthermore, of interest for the current research, these studies
reveal a common reliance on official census data to quantify those variables (Tables 1 and 2

provide list of variables and sources used in the two studies).

2.3. Study Variables

This section outlines the process of selection and categorization of study variables
drawing from the works of Abreu et al. (2019) and Canadas et al. (2023). Variables have
been selected based on their relevance to the research question and their ability to
represent migration and mobility. The process entailed an understanding of the studies, the

extraction of variables, and their categorization.

Abreu et al. (2019) Rural Development Index (RDI), was formulated with the intention
of enabling comparative analysis of rural development dimensions across different territorial
units and the identification of geographical areas where public development investment
could produce better results. The study acknowledged the complexity of targeting policy
interventions in rural areas based on requirements for local-regional specificity. In this
context the RDI was constructed based on the four dimensions, each composed of different
variables, compiled for 15 municipalities in the North Alentejo Region of Portugal. Table 1
extracts the variables that compose the population dimension (Abreu et al., 2019). A
complete list of variables composing the population, social, economic, and environmental

dimensions has been included in annex 1.

Table 1. Variables in the Population Dimension of the Rural Development Index (RDI)
Proposed by Abreu et al. (2019).

Acronym | Variable name Year Unit Source
PopDens | Population density 2011 Nr/km2 | (1)
Natinc Rate of natural increase 2011 % (1)
NetMig Net migration 2011 Nr (1)
DmgDep | Demographic dependency index 2011 % (1)

Note: (1) Population and building Census, Statistics Portugal. (Adapted from Abreu et al.,
2019, pp. 1112—-1113).

Abreu et al. (2019) acknowledged methodological challenges in the selection of
variables, weighting, and aggregation techniques. Of relevance for this research, the study
revealed that the most developed municipalities according to RDI values were those with

highest population density. Furthermore, findings also suggested that positive natural



increases in local population and a decrease in aging populations were positively related to

socio-economic development of rural areas (Abreu et al., 2019).

The definition proposed for each population variable by Abreu et al. (2019) was
examined to understand their relevance to migration and mobility. The 4 variables
(PopDens, Natinc, NetMig, DmgDep), were categorized in relation to how they directly or
indirectly related to migration and mobility patterns. For this study Net Migration (NetMig)
was considered under Direct Migration (DM) as a direct measurement of migration in the
population balance equation. Population Density (PopDens) was considered under Indirect
Migration (IM), for the relations suggested by the authors with the potential attractiveness of
a region (Abreu et al., 2019, p. 1112), but also from the dependence of the total population
used in the calculation of density, from a migration component of the population balance
equation. The Rate of Natural Increase (NatInc) and the Demographic Dependency Index
(DmgDep) were considered as Other Demographic or Socioeconomic variables (ODS),
rather than direct or indirect migration and mobility measurements based on their higher
dependency on natural variables (births and deaths) in the population balance equation
(Brettell & Hollifield, 2023; McFalls, 2007).

In the second study, Canadas et al. (2023) explored collective wildfire mitigation and
adaptation efforts across 116 parishes within a wildfire-prone region of Portugal. The
research aimed to uncover local factors and external resources influencing collective critical
actions. The study employed primary and secondary data, and techniques such as principal
component analysis (PCA) and random forest modeling for the exploration of relationships
between variables. The authors suggested a new approach by identifying structural factors
underpinning collective wildfire mitigation and adaptation in Mediterranean Europe. The
study's variables were grouped into five dimensions: land use/land coverage (LULC),
population, institutions, external resources, and wildfire experience. Table 2 extracts the
variables within the population dimension for the model proposed by Canadas et al. (2023).
A complete list of variables included in the land use/land coverage (LULC), population,

institutions, external resources, and wildfire experience has been included in annex 2.

Canadas et al. (2023) worked with independent variables mostly available with
values at parish level, and estimated night stays by factoring in accommodation capacity and
municipality-level data. The authors have suggested that a given community may be
characterized by a particular combination of factors leading to a unique action mix,
contending that effects of these factors and their interactions on the action mix can be

modelled to produce more generalized knowledge of the effect of each factor across
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contexts.The relationships between these variables and collective wildfire mitigation and

adaptation actions, were studied with a random forest modeling approach. The authors used

mean squared error (MSE) to measure the impact of each variable on model accuracy.

Furthermore, partial dependence plots were used for visual analysis of the marginal effects

of each variable. The entire study area was rural. In terms of results, parishes with larger

proportions of built-up areas and higher population densities demonstrated more substantial

efforts in wildfire mitigation under the Forest Intervention Zone (FIZ) framework. Conversely,

lower social vitality, characterized by an older population, older buildings, lower population

density, and less tourists, appeared to pose challenges to mitigation. Social vitality, as

identified, seemed to foster trust, knowledge sharing, and reduce transaction costs in

collective action. (Canadas et al., 2023).

Table 2. Variables in the Population Dimension of the Model Proposed by Canadas et al.

(2023)

Acronym | Variable name Year Unit Source

PopDens | Population density 2011 Nr/km2 (1)

RPopVar | Variation of rural population density 1981-2011 | % (1)

Young Proportion of young population (< 15 2011 % (1)
years)

Elderly Proportion of elderly population (= 65 2011 % (1)
years)

Aging Aging index 2011 % (1)

EldAlone @ Proportion of elderly living alone or 2011 % (1)
with others in the same age group

lllitera llliteracy rate 2011 % (1)

Educat Proportion of the population with 2011 % (1)
secondary or higher education

PrimSect  Proportion of the population working in | 2011 % (1)
the primary sector

LiveOutP | Proportion of the population that lived | 2011 % (1)
outside the parish 5 years ago

WorkOut | Proportion of the population that works | 2011 % (1)

P or studies in another parish in the
same municipality

Seasonal  Proportion of seasonal/secondary 2011 % (1)
dwellings

BuildAge | Average age of buildings 2011 Nr. yea (1)

FamLabo  Proportion of farm family labor - annual | 2009 % (2)

r work unit (AWU)

TourisAg | Tourist entertainment companies 2021 Nr/100 km2 | (3)

AccomC | Accommodation capacity (humber of 2021 Nr/1000 (3)

ap beds/people) inhabitants

NightSty | Night stays 2020 Nr/km2 (3)

RivBeac | River beaches and bathing areas 2020 Nr/1000 (4)

h inhabitants

Sources: (1) Population and building Census, Statistics Portugal; (2) General Agricultural

Census, Statistics Portugal; (3) Portuguese National Tourism Institute; (4) River beaches of
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Portugal. Note. The complete list of variables across land use/land coverage (LULC),
population, institutions, external resources, and wildfire experience dimensions has been
included in annex 2 (Adapted from Canadas et al., 2023, p. 11).

As for the previous case, the variables proposed by Canadas et al. (2023) within the
population dimension were examined to categorize their relation to migration and mobility
patterns. The variable Population that Lived Outside the Parish 5 Years Ago (LiveOutP), was
considered as a direct migration measurement contributing to incoming migration in the
population balance equation, thus classified as DM. Variables indirectly related to migration
patterns, such as PopDens and Variation of Rural Population Density (RPopVar), are
influenced by population movements but do not serve as direct measurements of migration.
PopDens and RPopVar were thus considered as IM. The study from Canadas et al. (2023)
prompted the introduction of additional categories. These include Recreational Mobility (RM),
which encompass the variable Night Stays (NightSty), primarily tied to leisure and tourism-
related mobility. Furthermore, the category of Commuting Mobility (CMM), featuring the
variable Proportion of the Population that Works or Studies in Another Parish in the Same
Municipality (WorkOutP), signifying routine mobility for work or educational purposes within

the same municipality.

The remaining variables within the Population dimension proposed by Canadas et al.
(2023), such as Proportion of young population of less than 15 years old (Young), Proportion
of elderly population above 65 years old (Elderly), Aging index (Aging), Proportion of elderly
living alone or with others in the same age group (EldAlone), llliteracy rate (lllitera),
Proportion of the population with secondary or higher education (Educat), Proportion of the
population working in the primary sector (PrimSect), Proportion of seasonal/secondary
dwellings (Seasonal), Average age of buildings (BuildAge), Proportion of farm family labor -
annual work unit (FamLabor), Tourist entertainment companies (TourisAg), Accommodation
capacity (AccomCap), and River beaches and bathing areas (RivBeach) were considered as
Other Demographic or Socioeconomic variables (ODSM), rather than direct or indirect
migration and mobility measurements. The exclusion of Proportion of seasonal/secondary
dwellings (Seasonal), Tourist entertainment companies (TourisAg), Accommodation capacity
(AccomCap), and River beaches and bathing areas (RivBeach) was motivated by the
presence of a more direct variable of recreational mobility in the measurement of night stays.

However, these 4 variables could be further explored in future research.

The categorization of the variables extracted from both works and included in this

study, based on the type of relationships with migration and mobility, is illustrated in table 3.
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Table 3. Population Variables from Abreu et al. (2019) and Canadas et al. (2023) in terms of

Categorization and Inclusion as Study Variables.

Variable In Abreu et al. In Canadas et al.  Category | Inclusion
(2019) (2023)
PopDens Yes Yes IM Yes
Natinc Yes No ODS No
NetMig Yes No DM Yes
DmgDep Yes No ODS No
RPopVar No Yes IM Yes
Young No Yes ODS No
Elderly No Yes ODS No
Aging No Yes ODS No
EldAlone No Yes ODS No
lllitera No Yes ODS No
Educat No Yes ODS No
PrimSect No Yes ODS No
LiveOutP No Yes DM Yes
WorkOutP No Yes CM Yes
Seasonal No Yes ODS No
BuildAge No Yes ODS No
FamLabor No Yes ODS No
TourisAg No Yes ODS No
AccomCap No Yes ODS No
NightSty No Yes RM Yes
RivBeach No Yes ODS No

(IM) Indirect Migration, (DM) Direct Migration, (CM) Commuting Mobility, (RM) Recreational

Mobility measurements. Marked in green the variables selected for this study.

Figure 2 seeks to contextualize how the selected study variables from Abreu et al.

(2019) and Canadas et al. (2023) relate to demographic inflows, outflows, and the stock of

population within rural areas. It should be noted that the placement of these variables within

a framework of demographic flows and stock does not intend to evaluate their application in

the two reference studies nor provide commentary on their relevance to them. The visual
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representation provides important tabulations for the analysis undertaken in the current

research.

Figure 2. Representation of selected study variables in relation to demographic inflows,

outflows, and the stock of population within rural areas.
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The inflows at the top of Figure 2 depict three main types of movements: visiting,
commuting into, and migrating into the area. This representation illustrates how the variables
selected do not directly measure all expected flows but, in some cases, provide proxy
information to part of them. For example, NightSty only offers partial data about the visiting
inflow as it does not account for all visitors outside tourism-related facilities. LiveOutP
indicates the proportion of the current population that lived outside the parish five years
before but provides limited information of a total migration inflow compounded by recent
migrations. In contrast, NetMig, positioned between inflows and outflows, is a net measure
that accounts for the balance between migration movements into and from the area. For the
outflows, at the bottom, WorkOutP, relates to the portion of the population that commutes
out of the area. A broader understanding of total commuting flows would require a

counterpart variable for incoming movements.
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At the center, the stock represents the total population at a given moment. The stock
is primarily influenced by the balance of inflows and outflows, and natural changes in
resident population such as births and deaths. The current research has centered on
mobility and not on natural demographic change. Such limitation needs to be considered in
the analysis of variables like Population Density (PopDens) and Variation of Rural
Population Density (RPopVar), as they are not necessarily linked to this conception of total
stock and transient flows (commuting and visiting). Instead, their calculations are based on
the resident population within rural classifications, already affected by births and deaths, and
not on the total stock that includes commuters and visitors. However, migration flows, as
they affect place of residence, can be partially captured in PopDens and RPopDens if
considering properly measurements of births and deaths. Furthermore, RPopVar positioning

in the diagram is contingent on the entire stock being within a rural context.

The use of this framework served to align selected variables within a conceptual

framework of this research, assisting in the identification of potential limitations of analysis.

2.4. Systematic Literature Review

To identify relevant alternative measurement models for the selected variables, a
systematic literature review was performed based on a search in PubMed, Scopus and
Google Scholar, for studies published since 2020, using the following search terms in

”

different combinations between title/abstract and keywords: “rural mobility”, “crowd flow”,
“human mobility”, “flow generation”, “deep learning”, “net migration”, “population density”,
“population distribution”, or “population model”. This search resulted in 32,436 publications.
Those were restricted to studies on models of human mobility, and selected for inclusion if
the study proposed a model related to study variables, provided outputs not on individual
level (e.g., excluded individual trajectory prediction) and reported results with accuracy
metrics, resulting in 203 publications. Articles related to traffic management, traffic
predictions, airline predictions, covid-19 mobility measures or impacts of mobility in disease
spread were not included. Articles not proposing possible solutions for the variables in study
were subject to light review. When identified methods required literature from years prior to
2020, or recent surveys before that year were systematically retrieved in review, they were
included in the study. After reviewing article abstracts and methods a total of 37 articles were
considered suitable to include in the literature review (annex 3). Each model was reviewed
for aspects such as name, data sources, access to data sources, output variables, spatial
resolution, temporal resolution, access to output, accuracy metrics, methodology,

geographic coverage, use cases, advantages, limitations, and ease of use. When feasible,
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proposed solutions from recent literature were tested to evaluate their applicability to the
selected variables. The specific instances where these tests were conducted or not possible
to conduct but considered relevant to further explore is delineated in the results and

discussion section.

Additionally, this research contributes to a broader body of work conducted as part of
a simultaneous PhD project titled “Understanding Agency and Autonomy of Displaced
Persons in Humanitarian Contexts: Exploring the Interplay between Data, Technology Use,
and Conceptual Frameworks”, which expands on current study by adding models specifically
related or potentially impacting internal displacement, forced migration, and forced mobility,

both in rural and in urban settings.

2.5. Applicability Tests

Applicability tests were conducted in cases garnering the following criteria: 1) model
output variables coincided with study variables or provided the basis for their retrieval, 2)
spatial resolution coincided with requirements for study variables, 3) model output covered
the study area, and there was 4) open access to model output. When these tests were
conducted the model output datasets used are identified under the relevant section with

information on their open access source in footnote and summarized in annex 4.

For exploring the feasibility of georeferenced datasets, QGIS an open-source
geographic information system (GIS) software application was used. Reference datasets
that were frequently include the Official Administrative Map of Portugal — CAOP 2022, at
municipal and parish levels, 2022 version (DGT, 2023) for administrative limits, and census
data for Portugal from 2001 (INE, 2002) and 2011 (INE, 2012b).

A common procedure involved the use of the administrative limits in CAOP 2022 to
extract the geographical area of interest at parish and municipality levels, from the two case
studies. As output products from the models reviewed covered areas broader than the study
area (and then Portugal in some cases), these administrative boundaries were first used as

a mask to clip raster or basis for the selection of vector layers in extraction processes.

Results from testing estimates provided by models were evaluated for accuracy by
comparison with the 2011 census (INE, 2012b), using Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), Mean Percentage Error (MPE), and Mean Absolute Percentage
Error (MAPE).
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3. Results and Discussion
3.1. Indirect Migration Measurement
3.1.1. Population Density

Methods to obtain population density include gridded density estimations and indirect
calculation based on gridded population count estimations. Leyk et al. (2019) reviewed
large-scale gridded population data products in the year just before the time frame
established for this study. The review is widely cited and included the Center for International
Earth Science Information Network’s (CIESIN) Gridded Population of the World (GPWv4.11)
and Global Rural-Urban Mapping Project (GRUMPv1), the European Commission Joint
Research Centre (JRC) and CIESIN’s Global Human Settlement Population Layer (GHS-
POP), Oak Ridge National Laboratory’s LandScan; ESRI’'s World Population Estimate
(WPE), WorldPop datasets, Facebook and CIESIN’s High Resolution Settlement Layer
(HRSL), JRC’s European GHS Population Grid and the U.S. Census Bureau’s country grids
(Demobase). It covered modeling approaches, input data, and outputs, providing useful

comparison and use cases for different population grids.

Leyk et al. (2019) highlighted lower accuracy of built-up land layers in rural settings,
emphasizing the need for future work to improve population estimates in rural areas, where
the reliability of existing data was limited (Leyk et al., 2019). The gridded products reviewed
by Leyk et al. (2019) have remained the most used estimates for population distribution with
broad geographical coverage found throughout this study, although their origins all predate

the time frame established for the review (from 2020).

Among those, WorldPop datasets warrant special attention in this section, due to the
publication in 2020 of 1km resolution population density grids for Portugal (WorldPop, 2020),
following their 2018 publication of the Portugal unconstrained population grid at 100m
resolution (WorldPop, 2018). Both are on yearly grids for the period 2000-2020. WorldPop is
one of the highest modelled gridded products, based on population figures and ancillary data
layers, such as roads, land cover, built structures, urban areas, nighttime lights,
infrastructure, environmental data, protected areas, and water bodies (Leyk et al., 2019). Itis
based on dasymetric mapping for redistributing official population data to regular grids,
where weight layers are established based on ancillary data (Leyk et al., 2019; Lloyd et al.,
2017; Tatem, 2017),

Abreu et al. (2019) and Canadas et al. (2023) have both integrated population
density from the Census 2011 (INE, 2012b) within their respective models.
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Given that the WorldPop population density grids were based on the previous
population count grids, the applicability test for the two case studies started by exploring the
previous population count grids. When using yearly Unconstrained Population Counts at 100
m resolution (UPC-100m) and yearly unconstrained population density (UPD-1km) at 1 km
resolution sourced from WorldPop gridded data, led to the conclusion that they present
minimal differences with Census figures, both at parish and municipality level. Table 4

illustrates differences for the parishes in the municipality of Arganil.

Table 4. Comparison of total population from WorldPop UPC-100m and 2011 Census Data
for Arganil Municipality

Parish Difference | Population Population | Accuracy

(Nr) WorldPop Census

2011 (Nr) 2011 (Nr)

Arganil 0,63 4001 4002 MAE
Benfeita -0,08 394 394 | 0,642969704
Celavisa 0,00 182 182
Folques 0,85 355 356 RMSE
Piédao 0,01 178 178 = 0,86313669
Pomares 0,00 513 513
Pombeiro da Beira 1,87 1012 1010 MPE
Sao Martinho da -0,82 1320 1319
Cortica 0,009598712
Sarzedo 0,52 684 685
Secarias 0,54 429 430 0 093%'225
Teixeira e Cepos -0,01 270 270 ’
Cerdeira e Moura 1,38 438 439
da Serra
Coja e Barril de -1,00 1709 1708
Alva
Vila Cova de Alva -1,31 660 659
e Anceriz

The comparative performance of WorldPop estimates with Census data at parish
(table 4) provided MAE 0,642969704, RMSE 0,86313669, MPE -0,009598712 and MAPE
0,09314822. At the parish level, WorldPop UPC-100 m resolution demonstrates potential as
acceptable alternative for population estimates. For the census year, this outcome was
somewhat expected, considering the use of census data in census downscaling used in
WorldPop estimates, as elaborated by Lloyd et al. (Lloyd et al., 2017). Results from the more

recent census round will allow to evaluate the performance for the most recent period.

Population density calculations for the geographical scope of Canadas et al. (2023)
based on population counts from WorldPop UPC-100m for the area of the parishes delimited

by CAOP-2022, aggregated by their respective municipality, were depicted in table 5 for the
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years of 2001 and 2011. Accuracy was evaluated for 2011 by comparison with Census

figures for population density.

Table 5. Population Density Based on WorldPop UPC-100 m Calculated for Parishes and
Aggregated at Municipality Level for 2001 and 2011, in the geographical area covered by

Canadas et al. (2023)

Municipality | Populati Populati | Calculated | Calculated @ PopDen | Accurac
on on PopDens PopDens s y (2011)
WorldP | WorldPo | WorldPop | WorldPop | Census
op UPC- pUPC- UPC-100m UPC-100m 2011
100m 100m 2001 2011 (Nr/km2)
2001 2011 (Nr’/km2) | (Nr/km2)
(Nr) (Nr)
Alvaiazere 8437 7288 52,6 45,4 45,4
Ansido 13671 13083 77,6 74,3 74.6 MAE
Arganil 13624 12146 40,9 36,5 36,5 0,031578
Castanheira 3733 3191 55,9 47.8 47.8 947
de Péra RMSE
gueirodos | 7348 6165 42,4 35,5 356 0,079471
Gois 4861 4259 18,5 16,2 16,2 941,
Lousa 15760 17612 113,9 127,3 127,2
Mag3io 8441 7337 21,1 18,3 18,3 MPE
Miranda do 0,043792
Cono 13062 13091 103,4 103,6 103,6 424
Oleiros 6677 5721 14,2 12,1 12,1 MAPE
Oliveira do 22112 20855 94,3 889 889 0046193
Hospital 12
Pampilhosa 5220 4482 13,2 113 113
da Serra
Pedrégao 4397 3914 34,2 30,4 30,4
Grande
Penela 6590 5980 48,9 44.4 44.4
Proenga-a- 9611 8314 24,3 21 21
Nova
Serts 16720 15880 37,4 35,5 35,5
Tabua 12601 12070 63,1 60,4 60,4
Vila de Rei 3100 3452 16,2 18 18
Vila Nova de 6804 7274 80,6 86,1 86,2
Poiares

Accuracy evaluations for the use of the WorlPop unconstrained population grid at

100m resolution (WorldPop, 2018) showed a possible acceptable alternative for population

count and for population density calculations both at parish and municipality levels.

The alternative WorldPop UPD-1km resolution (WorldPop, 2020) could in principle be

more straightforward to use. However, the results are slightly different. When using the
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average density provided by zonal calculation at parish level aggregated by municipality

there is an accumulation of errors. The same parishes in the municipality of Arganil are used

in table 6, and the aggregation by municipality for the area studied by Canadas et al. (2023)

in table 7, with accuracy evaluations for the census year (2011).

Table 6. Comparison of population density from WorldPop UPC-100m, UPD-1km and 2011

Census Data for Arganil Municipality

Parish PopDens PopDens PopDens Accuracy
WorldPop Census 2011 WorldPop WorldPop
UPC-100m (Nr/km2) UPD-1km UPD-1km
2011 2011 2011
(Nr/km2) (Nr/km2)

Arganil 117,3 117,3 113,2

Benfeita 18,1 18,1 18,2

Celavisa 11,9 11,9 11,6

Folques 19,3 19,4 18,5 MAE

Piédao 4,9 4.9 4,8 2696151868

Pomares 16,3 16,3 15,4

Pombeiro da Beira 31,0 30,9 202 8933§%%§

Sao Martinho da 41,8 41,5 ’

Cortica 41,8 MPE

Sarzedo 59,2 59,3 65,5

Secarias 61,9 62,0 56,8 1,551358936

Teixeira e Cepos 8,3 8,3 8,0 MAPE

Cerdeira e Moura da 23,8 296 6967031304

Serra 23,8

Coja e Barril de Alva 70,3 70,3 73,1

Vila Cova de Alva e 38,5 29,3

Anceriz 38,6

Table 7. Comparison of population density from WorldPop UPD-1km and 2011 Census Data

from parish aggregation at Municipality-level

Municipality Aggregated @ Aggregated PopDens Parishes Accuracy
PopDens PopDens Census | Aggregated | (2011)
WorldPop WorldPop 2011 PopDens
UPD-1km UPD-1km (Nr/km2) | WorldPopPD
2001 2011 2020
(Nr/km2) (Nr/km2) (Nr/km2)
Alvaiazere 53,6 46,5 45,4 40,9
Ansiao 98,5 94,1 74,6 90,1
Arganil 41,2 36,8 36,5 33,2
Castanheira de 55,1 47 1 47.8 40,9
Péra
Figueir6 dos 40,0 33,6 35,6 28,7 MAE
Vinhos 5,421052632
Gois 27,0 23,7 16,2 21,1
Lousa 96,8 107,9 127,2 119,2 RMSE
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Macao 23,1 20,1 18,3 17,9 | 8,20391434

Miranda do Corvo 90,8 91,0 103,6 91,0

Oleiros 12,5 10,7 12,1 9,3 MPE
Oliveira do 101,9 96,1 88,9 91,2 2,145828772
Hospital

Pampilhosa da 16,3 14,1 11,3 12,3 MAPE
Serra 11,5178744
Pedrégao Grande 34,3 30,6 30,4 27,5

Penela 41,0 37,3 44 4 34,4
Proencga-a-Nova 21,6 18,7 21,0 16,4

Serta 38,6 36,8 35,5 35,1

Tabua 61,4 58,8 60,4 56,5

Vila de Rei 15,4 17,1 18,0 18,9

Vila Nova de 68,2 72,8 86,2 77,1

Poiares

From this analysis emerges that utilizing WorldPop UPC-100m at the finer 100 m
resolution, results in remarkably low error rates and a high level of accuracy when compared
to census data. Accuracy diminishes when shifting to yearly WorldPop UPD-1km at a
coarser 1km resolution, particularly when aggregated at municipality level, where evaluation
metrics reveal a more significant divergence between WorldPop population density
estimates and census figures. Use cases using parish level data, as the two examples used
in this study, can benefit from the additional computation of population density from the
yearly WorldPop fine-resolution estimates of population count (100 m), as they provide the
most accurate representation of population density at a detailed spatial scale, and allow for
yearly estimates. In contrast, coarser-resolution estimates (1km) of population density may
cover larger areas without the need for additional density calculations, and as such less

demanding in computational needs.

3.1.2. Variation of Rural Population Density

Variation of rural population density (RPopVar) builds upon the sources and methods
discussed in section 3.1.1., with the added requirement of differentiating between population
in rural and non-rural areas. The simplest approach, in the case where the entire study area
was classified as rural, would be to use either the WorldPop yearly UPC-100m (WorldPop,
2018) or the yearly UPD-1kkm (WorldPop, 2020), available from 2000 to 2020, to calculate
variations. Variations in population density, not accounting for rural and non-rural areas, can
be computed both for a specific period and as annual variation by: VPopDens (%) =
[(Population Density in the Most Recent Year of the Period - Population Density in the
Earliest Year of Comparison) / Population Density in the Earliest Year of Comparison] x 100.

The results obtained for VPopDens, before accounting for areas classified as rural, urban or
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peri urban, between 2001 and 2020, using both the yearly WorldPop UPC-100m (VPopDens
A) and the yearly UPD-1km (VPopDens B), are illustrated in table 8.

Table 8. Comparison of the Variation of Population Density at Municipality-level between
2001 and 2020, using WorldPop UPC-100m (VPopDens A) and UPD-1km (VPopDens B).

Municipality (VPopDens A) (VPopDens B) | Differenc @ Difference
WorldPop WorldPop e Evaluation
VPopDens UPC- | VPopDens VPopDen
100m UPD-1km sA
2001-2020 (%) 2001-2020 (%) | VPopDen
s B
Alvaiazere -24,3% -23,7% -0,6%
Ansiao -8,0% -8,5% 0,5%
Arganil -19,6% -19,4% -0,1%
Castanheira de -25,8% -25,8% 0,0%
Péra .
Figueiré dos -28,3% -28,3% 0,1% Mean d'ffefgr;‘f,/eo
Vinhos ’
Gois -22,2% -21,9% -0,3% STDEVP
Lousa 23,4% 23,1% 0,3% 0,00380329
Macao -23,2% -22,5% -0,7%
Miranda do Corvo 0,4% 0,2% 0,2%
Oleiros -25,4% -25,6% 0,2%
Oliveira do -10,5% -10,5% 0,0%
Hospital
Pampilhosa da -25,0% -24.5% -0,5%
Serra
Pedrégao Grande -19,9% -19,8% -0,1%
Penela -17,0% -16,1% -0,9%
Proenga-a-Nova -23,9% -24.1% 0,2%
Serta -9,4% -9,1% -0,3%
Tabua -7,9% -8,0% 0,1%
Vila de Rei 22,8% 22,7% 0,1%
Vila Nova de 13,5% 13,0% 0,5%
Poiares

Although the two methods (WorldPop VPopDens UPC-100m and WorldPop

VPopDens UPD-1km) present differences for obtaining population density estimates, as

discussed in 3.1.1, the calculation of variation at municipality level and over a long period of

time results in a relatively small average discrepancy between the two methods (0.7%). For

a long period, they seem to generally provide similar estimates for the variation of population

density, with minor variations.

3.1.21.

Identification of rural areas
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The method above addressed variation of population density in all areas, including
urban. The variable RPopVar in Canadas et al. (2023) requires to estimate variations in
population density specifically in rural areas. Different authors (Moreno-Monroy et al., 2021;
Ruktanonchai et al., 2021; Thomson et al., 2022) referred to the Settlement Model (SMOD)
of the Global Human Settlement Layer (GHSL) from the European Union's Joint Research
Centre (JRC) for classification of urban, peri-urban and rural areas. The gridded GHS-SMOD
classification is based on a combination of population size, population density, and built up
area density (European Commission. Statistical Office of the European Union., 2021). GHS-
SMOD derives from two other GHSL datasets: GHS-Built which maps the extent of built-up
areas and is composed of built-up surface, building height, built-up volume, and settlement
characteristics, and GHS-Pop, a spatial raster dataset that captures population dynamics
over time (1975-2030) at 5-year intervals. Deriving from these two datasets and the ‘degree
of urbanization method from EUROSTAT, GHS-SMOD delineates settlement typologies

(European Commission. Joint Research Centre., 2023a).

GHS-SMOD classifies grid cells according to the following classes: 30: “Urban
Centre”; 23: “Dense Urban Cluster”, 22: “Semi-dense Urban Cluster”, 21: “Suburban or per-
urban”, 13: “Rural cluster”, 12: “Low Density Rural”, 11: “Very low density rural”, and 10:
“Water”. In this classification, the aggregation of the classes 30 — 23 — 22 — 21 produces the
“urban domain”, while the combined 13 — 12 — 11 — 10 classes form the “rural domain”
(European Commission. Joint Research Centre., 2023a). Table 9 illustrates GHS SMOD and
WorldPop UPC-100m combination for GHS SMOD cells classified as 10, 11, 12, 13, in the
calculation of RPopVar for one of the municipalities (Arganil) in Canadas et al. (2023). It first
established the rural population density (RPopDens) to calculate RPopVar between 2001
and 2011.

Table 9. Variation in Rural Population Density between 2001, 2011, 2020) using WorldPop
UPC-100m in combined GHS SMOD classes 11, 12 and 13 for calculation of Rural

Population Density in the rural domain for the municipality of Arganil.

Parish RPopDen | RPopDen | RPopDen | RPopV | RPopV | RPopV
s 2001 s s 2020 ar ar ar
(UPC- 2011 (UPC- 2001- 2011- 2001-
100m in (UPC- 100m in 2011 2020 2020
GHS 100m in GHS (%) (%) (%)
SMOD 11, | GHS SMOD 11,

12, 13) SMOD 11, 12, 13)
(Nr/km2) | 12, 13) (Nr/km2)

(Nr/km2)
Arganil 131,775 117,308 | 105,811  -11,0% | -9,8%  -19,7%
Benfeita 20,29 18,098 16,325  -10,8%  -9,8% -19,5%

23



Celavisa 13,319 11,917 10,747 @ -10,5% -9,8% | -19,3%
Folques 21,762 19,348 17,461 | -11,1% -9,8% | -19,8%
Piédao 5,413 4,826 4,356 | -10,8% -97% | -19,5%
Pomares 18,123 16,137 14,541 @ -11,0% -9,9% | -19,8%
Pombeiro da Beira 34,67 30,992 27,931 -10,6% -99% | -19,4%
S3o Martinho da 44,841 39,894 36,022

Cortica -11,0% 97% | -19,7%
Sarzedo 66,28 59,234 53,404 | -10,6% -9,8% | -19,4%
Secarias 69,091 61,876 55,802 | -10,4% -9,8% | -19,2%
Cepos e Teixeira 9,187 8,254 7,444 | -10,2% -9,8% | -19,0%
Cerdeira e Moura da 26,802 23,758 21,426

Serra -11,4% -9,8% | -20,1%
Coja e Barril de Alva 78,836 70,34 63,422 | -10,8% -9,8% | -19,6%
Vila Cova de Alva e 43,187 38,556 34,763

Anseriz -10,7% -9,8% | -19,5%

Results present similar values to those obtained by direct use of WorldPop UPC-
100m to the parishes, as they all fall within areas classified as rural. Figure 1 shows a
comparison of rural population density (lighter colors for lower values) for all parishes in
Pinhal Interior for the years 2001, 2011 and 2020, using WorldPop UPC-100m and GHS
SMOD classes 11, 12, 13.

Figure 3. Visual Representation of RPopDens for 2001, 2011 and 2020 for the parishes in
Pinhal Interior, using WorldPop UPC-100m and GHS SMOD rural domain.

2001 2011 2020
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For the purposes of testing applicability, the relatively small area of Pinhal Interior

el

classified by GHS SMOD as belonging to the urban domain, illustrated in figure 2, has been
used for testing applicability. The urban domain is limited to parts of two parishes, Gandaras

and Lous3a e Vilarinho.
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Figure 4. Extent of urban domain according to GHS SMOD classification (classes 21-22-23)
in Pinhal Interior.
Extent of Urban Domain

Pinhal Interior
GHS SMOD Class 22-23

10 Water grid cell

11 Very low density rura grid call
12 Low density rural grid cell

13 Rural cluster grid cell

21 Suburban or per-urban grid cell

22 Semi-dense Urban Cluster grid cell

23 Dense Urban Cluster grid cell
30 Urban Centre grid cell

In this area, the overlay of GHS SMOD was used to calculate the values for

population and area in both rural and urban domains. The resulting population densities are

illustrated in table 10.

Table 10. Rural Population Density for parishes with urban extents according to GHS SMOD

classification.

Parish Urban Total Area PopDens | Area Urban | Urban Rural
Population Population | (CAOP | 2020 Domain PopDens PopDens
2020 (UPC- | 2020 2022) (Nr/km2) | (GHS 2020 2020
100m and (UPC- (ha) SMOD (Nr/km2) (Nr/km2)
GHS SMOD | 100m) (Nr) 21,22,23,30)
21,22,23,30) (km2)
(Nr)

Gandaras 707 2218 1004 220,9 1,9 363,1 186,7

Lousa e 8130 22097 7240 305,2 6,3 1283,9 211,4

Vilarinho

Yearly Rural PopDens is possible to calculate with the combined use of WorldPop
UPC-100m and GHS-SMOD classification of rural and urban domains. From such values,
following the methods in table 9 arises the possibility of RPopVar calculations between

yearly estimates.
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3.1.3. Ongoing advances in population density models

Several studies that continue to advance the understanding of population density,
population distributions and disaggregation at finer scales and with higher accuracy, are
useful to mention for the novelty. For instance, C. Li & Managi (2023) proposed an approach
based on a random forest method to generate gridded population data for Japan, with more
localized ancillary data, to retrieve higher accuracy in total population and male and female
disaggregation (C. Li & Managi, 2023). Bao et al. (2022) proposed an alternative machine
learning strategy, using an ensemble learning algorithm stacking of gradient boosting
decision tree (GBDT), extreme gradient boosting (XGBoost), light gradient boosting machine
(LightGBM) and support vector regression (SVR) base models. The stacking yielded an
better overall performance than the four individual models, and outperformed the commonly
used random forest model for gridded population products (Bao et al., 2022). Other studies
have also aimed at developing models for estimating population within buildings, either by
using easier to access data (M. Wang et al., 2022), or much more difficult and expensive
sources, such as LIDAR (H. Chen et al., 2021). Additionally, the use of proprietary 50cm
resolution imagery and microcensus data, combined with a convolutional neural network
(Res-Net 50) has been used to automatically extract features (such as buildings) from
imagery to produce more census-independent estimates. However, this method comes with
significant cost of acquiring the necessary imagery (Neal et al., 2022). In summary, recent
advances in population density models involve model alternatives and the exploration of
different ancillary data, often combining both for results tailored for a specific spatial scale
(e.g., country), while continuing to evolve around the concept of gridded estimates. These
findings hold relevance in terms of modelling possibilities but are not directly usable for the

variables in this study, mostly because they area localized solutions.

Furthermore, publications on population distribution and density show a notable
urban focus. Examples include, the availability of open datasets of ancillary data for
population distribution research in European cities (Doda et al., 2022) and integration of
social media and nighttime light data to enhance estimates in Zhejiang, China (L. Wang et
al., 2020). This urban trend extends to studies of the accuracy of gridded estimates.
Thomson et al. (2022) reported a lower accuracy when estimating population density in slum
areas within urban Namibia (Thomson et al., 2022). Furthermore, assessments of gridded
population estimates in cities across different income brackets highlighted less accurate

estimations for low- and middle-income countries (Kuffer et al., 2022).
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3.1.4. Ongoing advances in variation of population density models

Models for measuring variations in population density have witnessed significant
developments, primarily focused on achieving higher spatiotemporal resolution. Bao et al.
(2023) integrated ambient population data and building volume data to generate population
distribution maps with hourly granularity and a spatial resolution of 100 meters in Beijing.
The resulting high temporal resolution unveiled unknown patterns in variations of population
distribution (Bao et al., 2023). Such high spatiotemporal resolution is relevant for sections
3.3 and 3.4. Other studies have explored different spatiotemporal frames. For instance,
Teng et al. (2022) focused on evolving patterns of population distribution over a two-decade
span, analyzing shifts in population agglomeration and urbanization trends, through spatial
distribution maps of population density at a resolution of 1 km x 1 km from 2000 to 2020 in
China (Teng et al., 2022). On a different temporal scale, Cheng et al. (2022) have mapped
monthly population distribution and variation at a 1 km resolution in China, using time-series
data from mobile phone positioning and employing a hybrid downscaling model incorporating
random forest and area-to-point kriging. Such approach enhanced the resolution and
accuracy of monthly estimates for population distribution and variation, especially during
notable events such as festivals, holidays, and short-term labor flow periods. These findings
hold relevance in terms of modelling possibilities but are also not directly usable for the

variables in this study.

3.2. Direct Migration Measurement
3.2.1. Net migration

Abreu et al. (2019) defined Net Migration (NetMig) as the difference between
immigration into and emigration from the region during a given period, reflecting according to
the authors the attractiveness capacity of the territory (Abreu et al., 2019, p. 1112). The
Portuguese Statistical Office (INE) included a time frame and only incoming movements to
define attractiveness in 2011, as the ratio between resident population which 5 years before
resided in another territorial unit or in another country and the total population resident in the
territorial unit (INE, 2012a, p. 32). Along such lines, Canadas et al. (Canadas et al., 2023)
used LiveOut as the proportion of the population that lived outside the parish 5 years before,
with data from 2011 Portuguese Census.

Open access gridded datasets have also been proposed as solutions for net
migration estimates. Recent research has attempted high-resolution gridded datasets for net

migration. Namely, the study conducted by Niva et al. (2023), currently in preprint and not
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yet peer reviewed, proposes a 10 km resolution global gridded dataset of annual net
migration covering the years between 2000 and 2019 (Niva, Horton, Virkki, Heino, Kallio, et
al., 2023). The authors have used population counts from WorldPop combined with
downscaled gridded births and deaths data for estimating net migration at sub-national level
(admin level 2). This annual net migration dataset resulted from the collection and
harmonization of national and sub-national-level birth and death rate datasets for 216
countries. The authors have then applied multiple linear regression, adjusted according to
country income bands, and area-to-point kriging (ATPK) to downscale the subnational birth
and death rates to 5 arcmin (~10 km at the equator) resolution. Downscaled births and
deaths were used to calculate natural population change for a gridded cell, and then
compared with the corresponding annual gridded population count (WorldPop), to calculate
net migration for each year and grid cell (Niva, Horton, Virkki, Heino, Kosonen, et al., 2023).
For this dataset the authors note that subnational validation data for population, births and
deaths were collected at administrative level 2 (municipality) whereas production and
harmonization of gridded datasets were based level 1 (province or district) for the global grid,
and only this level 1 data (province or district) was used for validating the net migration
estimates. The authors also recommend using the dataset for multiple years, with 3, 5 and
20 year net-migration sums provided at gridded level, or by aggregated over larger area due
to some noise in gridded annual data (Niva, Horton, Virkki, Heino, Kosonen, et al., 2023).
Results from using this dataset to the study area in one of the case studies were

inconclusive, as shown in table 11.

Table 11. Discrepancies between net migration figures in 2011 for the area studied by Abreu
et al. (2019) according to the authors, the Census 2011 and the estimates retrieved from
Niva et al. (2023) gridded dataset.

Parishes Net migration Net migration Net migration Evaluation
2011 2011 2011 Net migration
Census 2011 Niva et al. 2023 @ Abreu et al. 2011 Census

2019 2011 vs Niva et
al., 2023

Alter do Chao 38 -10 11 MAE

Arronches 28 -6 33 61

Avis 59 -12 35

Campo Maior -1 -1 -18 RMSE

Castelo de 85 -12 -7 70,546

Vide

Crato 59 -16 0 MPE

Elvas 55 ) 173 182,9

Fronteira 30 -10 =27

Gaviao 60 -16 -13
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Marvao 59 -14 -8 MAPE

Monforte 50 -3 -12 182,9
Nisa 1 -11 -22
Ponte de Sor 137 -9 -61
Portalegre -31 -5 -214
Sousel 88 -14 -15

For this study the origin of the net migration values used in Abreu et al. (2019) was
difficult to retrieve. In addition, the values for net migration from the census (2011) at
municipality level and the estimates for the same year retrieved from processing the net
migration grid from Niva et al. (2023) present significant inconsistencies. The comparison
indicates notable problems of accuracy, with MAE 61, RMSE 70,5, MPE and MAPE values
of 182.9, suggesting that Niva’s estimates for the study area deviate substantially from the
census figures. While the approach is novel in proposing gridded net migration values,
indicating a new branch for gridded estimates, there is still a need for improvement in the
estimation models, or the ancillary data used to downscale births and deaths.

Another recent model from the European Commission Joint Research Centre
(European Commission. Joint Research Centre., 2023b) has also proposed gridded global
net migration estimates in five-year intervals from 1975 to 2020 at a spatial resolution of 1
km, based on natural change across the rural-urban continuum with as an open dataset
(Alessandrini et al., 2023). The authors also resort to indirect methods for estimating net
migration pointing at limitations of data availability preventing more precise estimation of net
migration at high spatial resolution. The estimates rely on strong assumptions, a common
characteristic of other attempts, suggesting that estimates do have not the objective to
produce statistics of mobility in absolute terms to be aggregated at higher geographical level,
but on showing differences in spatial patterns of mobility in relative terms across different
geographical areas and over relatively long intervals of five years. The study points at
mobility patterns revealed by the estimates to be consistent with net migration data at sub-
national level (European Commission. Joint Research Centre., 2020, 2023b).

Comparison of the EC JRC dataset with net migration figures from the Census of
2011 proves difficult, given the availability of raster datasets at 5-year intervals, from 1980 to
2020. The closest in the available datasets to the census year (2011) are the estimates for
the year 2010. Testing the dataset, with the 5-year values averaged for one year period,
comparing net migration estimates for the year 2010 with the census figures from 2011,
resulted in a very inaccurate estimation, with MAE 144, RMSE 159, MPE -91,899 and MAPE
3381,601.

Of note, Fielding refers to Portugal as an exception country in Western Europe,

alongside Switzerland, Austria and Ireland, where migration flow data can’t be obtained as
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easily as in other countries, suggesting that migration flow data has brought significant
improvement compared to birthplace statistics (Fielding, 2023).

The two studies (European Commission. Joint Research Centre., 2023b; Niva,
Horton, Virkki, Heino, Kosonen, et al., 2023) seem to still present accuracy challenges in

direct applicability for yearly net migration estimates in replacement of census data.

3.2.2. Proportion of the population that lived outside the parish 5 years
before

A replacement estimate for the proportion of the population that lived outside the
parish 5 years before (LiveOut) indicator used by Canadas et al. (2023) could not be
retrieved in this study. While net migration provides the balance between incoming and
outgoing residents, the LiveOut indicator could only be estimated based on different models
and calculations, such as downscaling of previous incoming and outgoing migrations over a
specific time interval. We saw in 3.2.1 that net migration estimates present significant
limitations as direct replacement for census data. It is thus assumed that LiveOut indicator
finds increased obstacles. However, if to measure attractiveness, studies on predictors of
migration have gathered significant attention. For instance, X. Chen (2020) explored the
potential of using nighttime lights data for predicting population migration in small areas
across European Union (EU) countries, demonstrating that, in comparison to factors like
population size and gross domestic product (GDP), nighttime lights data served as a
valuable predictor. Nighttime lights showed a prediction power similar to that of population
size and significantly stronger than GDP per capita (X. Chen, 2020). A different study of
geospatial and sociodemographic predictors of human mobility suggested that
socioeconomic variables including urbanicity, poverty, and female education strongly
explained mobility patterns, in addition to geospatial covariates such as accessibility to major
population centers and temperature (Ruktanonchai et al., 2021). In a way, each of the
studies reviewed for this dissertation has measured the efficiency of different predictors of
migration and mobility. While LiveOut could not be retrieved, it's meaning as attractiveness

may potentially find future solutions in a more systematic study of predictors.

3.3. Commuting Mobility Measurement
3.3.1. Proportion of population that works or studies in another parish in

the same municipality.

The measurement of commuting mobility plays an important role in understanding
human mobility patterns and their predictability. In a study by Song et al. (2010), the

predictability of human mobility patterns was examined using anonymized mobile phone
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user data. Findings from measuring entropy in each individual trajectory indicated 93%

potential predictability in user mobility (Song et al., 2010, p. 1018).

To situate commuting mobility within wider developments of mobility models, the
taxonomy proposed by Luca et al. (2020) proved useful. The authors categorized mobility
models into two main objectives: predictive and generative. Predictive models aim to
forecast future mobility, either at the individual or collective level, encompassing next-
location predictive models, which forecast an individual's future locations based on their
historical mobility data, and crowd flow predictive models, which focus on predicting the flow

of people in geographic regions.

Generative models, on the other hand, intend to create realistic mobility data either
as trajectory generation or flow generation. Trajectory generation models, concern the
generation of synthetic trajectories that can reproduce, realistically, individual statistical
patterns of human mobility, while flow generation models, aim to generate realistic flows
among locations, considering their characteristics and the distance among them, but without
any knowledge about the real flows (Luca et al., 2020). Luca et al. exclusively reviewed deep
learning models, and no other techniques, highlighting a limited literature available on flow

generation models.

Estimates for proportion of the population that works or studies in another parish in
the same municipality (WorkOutP), relate to flow generation models. Luca et al., who have
exclusively reviewed deep learning models, and no other techniques, highlighted limited

literature available on flow generation models (Luca et al., 2020).

Taking a closer look at them, one notable approach is Deep Gravity, proposed by
Simini et al. (2022). Deep Gravity generates flows probabilities based on features that
include land use, road networks, transportation, and the availability of services such as food
and healthcare, using deep neural networks to identify non-linear relationships between
those features and mobility flows. The model showed good geographic generalization
capability, with significantly higher performance than traditional gravity models (based on
Zipf, 1946), especially in densely populated regions (Simini et al., 2022). While commuting
data is accessible in a 25km gridded format for England, Italy and New York State, and the
authors have provided the Python code for Deep Gravity to open experiments, the different
geographical coverage and the complexity of the code make it, for now, challenging to obtain
WorkOutP values for the specific case studies through this method. The authors, however,
conclude their study with relevant questions: “Can we use rural areas flows to generate flows

in cities? On the other hand, can we use cities’ flows to generate flows in rural areas? And
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can we use a model trained on an entire country to generate flows on a different one?”
(Simini et al., 2022, p. 21).

Other studies examined in this review, such as those on geo-contextual embeddings
for commuting flow prediction (Liu et al., 2020) and origin-destination flow generation with
graph convolutional networks (Yao et al., 2021), offer useful understanding into model
approaches and predictor datasets. However, those studies do not align geographically,
datasets are not publicly available, or modeling effort is too high. Similarly, other models
reviewed presented similar challenges. Some also relied on difficult to access data sources,
such as mobile phone user data (M. Li et al., 2022). An alternative deep learning framework
to generate synthetic mobility data based on travel surveys instead of relying on census data
(Arkangil et al., 2023) presented interesting concepts and advanced deep learning models,

while remaining unable to provide an alternative for WorkOutP.

The variable WorkOutP seems thus to be challenging to retrieve using current
methods. However, research initiatives such as Deep Gravity are concerned with the
concept of transferability, potentially pacing the way for future developments with wider

geographical coverage.

3.4. Recreational Mobility Measurement
3.4.1. Night Stays

Recreational mobility measurements share some modeling similarities with
commuting mobility, as they could potentially be retrieved from flow generation models. The
most significant difference is in the availability of annual ancillary data, such as night stays
but also tourist entertainment companies, accommodation capacity (number of beds/people)
and river beaches and bathing areas, complementing other related census data such as
proportion of seasonal or secondary dwellings. In a way, recreational mobility appears to be

more easily predictable than the complexity of commuting mobility.

Furthermore, some studies have proposed models for mapping residential vacancies
with multisource spatiotemporal data (X. Li & Gong, 2022) or for understanding seasonal
movements (Ruktanonchai et al., 2021). However, since the number of night stays is
retrievable on for early values from official sources, there seems to be no need for

alternative estimates.

Nevertheless, findings from Y. Zhang et al (2022) regarding finely-grained

spatiotemporal predictions of population distribution, where the time of day, housing-related
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variables, and precipitation types are important predictors, imply the importance of temporal
resolution in recreational mobility. Additionally, research by Minora et al. (2023) on the
nowcasting of tourist nights spent, has demonstrated the potential for even more frequent
and timely statistics for recreational mobility. The authors have explored digital traces and
web searches for nowcasting the number of monthly nights spent at sub-national scale
across 11 European countries, while noting that privacy and surveillance concerns limit the
utility of some of these tools. Portugal was not part of the 11 countries studied by Minora et
al. (2023). Moreover, most models reviewed in this section relied on mobile phone data (e.g.,
Meredith et al., 2021; Minora et al., 2023; Ruktanonchai et al., 2021; Y. Zhang et al., 2022).

Finally, also for night stays no alternative measurement model was identified during
the review. However, the necessity for alternative in this case is relatively minor, considering
the regular release of official figures. The study of recreational and seasonal mobility seems

to present faster development than commuting mobility.

4. Conclusions

This study critically examined the potential of emerging methods to quantify human
mobility within rural landscapes, compared against official statistics. With the primary
objective of assessing the possibility of retrieving migration and mobility variables from
emerging methods instead of official statistics, it researched applications in measuring direct
and indirect migration, commuting, and recreational mobility. The review process has
revealed a landscape rich in innovation. The findings suggest that alternative approaches
have been sought after and supported by technological advancements with modeling
migration and mobility as an apparently a well-established field, particularly in urban
contexts. The findings also suggest that despite presenting some useful alternatives,
emerging models in these domains further underscore the complexity of human mobility.

Variation of Emerging Methods: The systematic literature review and applicability
tests undertaken in this research underscore a growing precision in some of the emerging
methods. For instance, gridded datasets of population and population density with global
outputs, remained especially accurate when utilizing fine-resolution grids. Coarser grided
resolution revealed inconsistencies at lower administrative levels for population density but
maintained relatively small discrepancies in longer term calculations of population density
variations. However, the review and testing also highlighted limitations and ongoing
challenges with difficulties in retrieving practical alternatives for direct migration, commuting,
and recreational mobility estimates. Methods proposing gridded net migration estimates
resulted in a notable variance with comparable official data. In addition, commuting and

recreational mobility measurements have been addressed by different models, but their
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availability remains limited to specific geographical regions or difficult transfer without
significant coding and data acquisition effort.

Practical Implications for Rural Development: the review of emerging approaches
on human mobility applicable to rural studies unveiled limitations related to geographical
coverage, in this case of rural areas of Portugal. It also confirmed an urban focus in
emerging models, where rural mobility is — at the most — a incoming component into the
larger city. With of grids with global coverage, among reviewed methods there were limited
examples with specified rural application or a rural focus.

Ethical Considerations and Data Privacy: alongside reviewing methods, this study
has noted carefully on the ethical concerns conveyed by the reviewed studies. Although they
point at some broad consensus on privacy preservation, discussions around informed
consent, data anonymization, or dual-use nature of technology were absent in many cases.

Future Horizons in Rural Mobility Research: the review allows to anticipate an
evolution of models that could capture a more varied spectrum of rural mobility. For instance,
the publication of two novel global grids of net migration in the present year, despite their
current limitations, consents the idea that soon could be possible to estimate net migration at
very localized level. Such possibility could greatly improve population estimates in rural
studies. Furthermore, models have improved based on real-time data, higher spatial
resolution, and fast technological advances available in certain contexts. It is possible that
some model solutions may transcend geographical boundaries, with transferability of training
for the use of more common data sources. This is particularly relevant in terms of commuting

and recreational mobility in rural environments.
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Annex 1 — Variables included in the rural development index proposed by Abreu et al.
(2019)

Abbreviation Weight

Population

Population density (inhab/km?)—the intensity of population settlement expressed as the ratio between total population and sur-  PopDens 0.25
face area. A more developed territory is more attractive. The higher is its value, the lower the isolation of territories, therefore
increasing the RDI value

Rate of natural increase (%)—the difference between the number of live births and the number of deaths occurring during a Natlnc 0.25
given period, usually a calendar year divided by the mid-year population of that period

Net migration (No.)—the difference between immigration into and emigration from the country or region during a given NetMig 0.25
period, reflects the attractiveness capacity of each territory. It is assumed that a higher development will lead to a higher
capacity on attracting populations

Demographic Dependency Index (%)—the ratio of the elderly (ages 65 and older) plus the young (under age 15) to the popula- DmgDep 0.25
tion in the working ages (ages 15-64). Changes in the dependency ratio provide an indication of the potential social support
requirements resulting from changes in population age structures

Social

Literacy (%)—being education one of the most undisputed variables of development, the literacy rate is its base. Although we  Lit 0.25
are in the twenty-first century, illiteracy rates are still significant in some rural areas

Proportion of resident population with at least the lower secondary education 3rd. cycle completed (%)—proportion of resident Educ 0.25
population with 15 and more years old with at least the lower secondary education 3rd. cycle completed. While literacy can
be seen as a condition for minimum integration in society, compulsory education can be seen as a minimum condition to
ensure employability. Not only a more developed society has the means for its youth to follow compulsory education, but
higher levels of education also lead to higher productivity and living conditions

Physicians (No.) per 1000 inhabitants—this variable introduces the dimension of basic health conditions in the territory under ~ Phys 0.25
study

Proportion of conventional dwellings of usual residence (%) with installation existence (electricity, water, toilet, bath/shower Instal 0.25
and heating)—to include dwellings quality in rural areas

Economy

Proportion of family agricultural population with remunerated activity outside agricultural holding (%)—introducing the con- ~ OthRem 0.25

cept of activities diversification in the agricultural environment

Average monthly earnings (€)—assessing the differences in labour remuneration between the various municipalities of the ter- ~ Earn 0.25
ritory under study

Population

Population density (inhab/km?)—the intensity of population settlement expressed as the ratio between total population and sur- PopDens 0.25
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(adapted from Abreu et al. 2019)
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Annex 2 - Variables included in the study conducted by Canadas et al. (2013)

Acronym Variable name Year/ Unit Source  Average  Max - min Std.
period deviat.
DIMENSION 1 - Land use/land cover (LULC)
Built_up Proportion of built-up areas 2015 % (1) 3.6 16.3-0.4 29
Agricult Proportion of agricultural areas 2015 % (€] 14.9 40.6-1.6 9.3
Forest Proportion of forest/wildland areas 2015 % 1) 79.9 97.8-48.3 11.6
AgricBuff Farming in a 100 m buffer around built-up areas 2015 % (1) 54.1 84.0-22.2 12.3
ForBuff Forest/wildland in a 100 m buffer around built-up areas 2015 % (1 44.9 76.9 - 16.0 12.2
Euc Proportion of eucalyptus 2015 % (1) 215 67.0-0.4 16.2
EucVar Variation of eucalyptus area 1995-2015 % (€3] 6.9 39.1--6.7 7.7
Pin Proportion of maritime pine 2015 % (1) 38.4 729-1.9 16.7
PinVar Variation of maritime pine area 1995-2015 Nr. 1) -8.2 16.8 - -50.5 12.3
Shannon Shannon index 2015 % 1) 1.1 1.5-0.6 0.2
EucProd Net primary productivity of eucalyptus 2000-2014 Kgof carbon /m?/ (1) 11 1.4-08 0.1
year
PinProd Net primary productivity of maritime pine 2000-2014 Kg of carbon /m?/ (1) 1.0 1.3-0.7 0.1
year
LivStock Livestock units (sheep, goats, and cattle) 2009 Nr/km? 2) 2.2 11.2-0.0 2.1
Traction Mechanical traction/horse-power availability 2009 Nr/ha of rural 2) 1.3 4.3-0.0 1.0
area
DIMENSION 2 - Population
PopDens Population density 2011 Nr/km?* 3) 46.8 255.3 -4.0 43.2
RPopVar Variation of rural population density 1981-2011 % 3) -33.5 41.9 - -68.6 19.1
Young Proportion of young population (< 15 years) 2011 % 3) 9.9 17.4-1.9 3.4
Elderly Proportion of elderly population (> 65 years) 2011 % 3) 34.3 58.8-17.1 10.0
Aging Aging index 2011 % 3) 455.3 2250.0 - 374.1
105.3
EldAlone Proportion of elderly living alone or with others in the same age group ~ 2011 % 3) 23.6 49.6 - 10.0 8.7
Illitera Illiteracy rate 2011 % 3) 11.3 27.6 -2.3 5.0
Educat Proportion of the population with secondary or higher education 2011 % 3) 17.9 35.0-3.9 5.7
PrimSect Proportion of the population working in the primary sector 2011 % 3) 5.8 36.4-0.0 5.5
LiveOutP Proportion of the population that lived outside the parish 5 years ago 2011 % 3) 9.9 35.3-1.3 4.3
WorkOutP  Proportion of the population that works or studies in another parishin 2011 % 3) 16.2 16.2 37.8 — 8.4
the same municipality 0.6
Seasonal Proportion of seasonal/secondary dwellings 2011 % 3) 38.6 72.9-9.5 14.5
BuildAge Average age of buildings 2011 Nr. years 3) 43.3 66.1 - 20.5 8.1
FamLabor Proportion of farm family labour - annual work unit (AWU) 2009 % 2) 93.8 99.9 - 50.1 7.3
TourisAg Tourist entertainment companies 2021 Nr/100 km? (4) 1.5 12.4-0.0 27
AccomCap  Accommodation capacity (number of beds/people) 2021 Nr/1000 4) 67.8 438.2-0.0 80.8
inhabitants
NightSty Night stays 2020 Nr/km? @ 70.4 1170.9-0.0  136.4
RivBeach River beaches and bathing areas 2020 Nr/1000 5) 0.9 16.9 - 0.0 2.1
inhabitants
DIMENSION 3 - Institutions
AvgUAA Average utilised agricultural area (UAA) - farms 2009 ha 2) 2.0 6.1-0.7 0.8
C Exi: e of ¢ 2015-2020 Binary (6) 0.6 1-0 0.5
PulpPape Existence of areas managed by pulp paper companies 2015-2020 Binary (6) 0.4 1-0 0.5
MunSeat Parish is coincident or not with the municipality seat 2021 Binary n.a. 0.1 1-0 0.4
HistVill Number of classified traditional (historical and schist) villages 2021 Nr. 7 0.2 5.0-0.0 0.7
LocAssoc Number of local associations with wildfire-related initiatives 2015-2021 Nr. (6) (8) 0.4 4.0-0.0 0.7
LandReg Existence of simplified land registry 2015-2020 Binary (6) 0.4 1-0 0.5
DIMENSION 4 - External resources
Publnspe Number of years that the parish was a priority for inspection of 2018-2020 Nr. 9 1.5 3.0-0.0 1.1
mandatory fuel management around villages
PrioVuln Combined priority-vulnerability levels 2020 Nr. 9 1.6 2.0-0.0 0.6
(10)
SecFores Parish included in the “Secure Forests™ programme 2015-2020 Binary (6) 0.6 1-0 0.5
SafeVill Proportion of villages in the parish included in the “Safe Village, Safe ~ 2017-2020 % (11) 3.6 100.0 - 0.0 12.0
People” programme
RDP2020 Value assigned under the Rural Development Programme (RDP2020) 2015-2020 €/km? (12) 4842.44 22449-0 4742.62
RDPMunic  Value assigned to the municipalities under the RDP2020 2015-2020 €/km? 12) 1809.97 10648 - 0 2615.56
RDPAssoc Value assigned to wildfire-related associations under the RDP2020 2015-2020 €/km* (12) 1579.57 17957 -0 3468.19
ForFund Value assigned under the Permanent Forest Fund 2013-2019 €/ha of forest 13) 31.91 245.50 - 9.60 27.65
area
POSEUR Value assigned under the Programme Sustainability and Efficiency in 2014-2020 €/km* (14) 1362.45  7648.62 — 1214.70
the Use of Resources (POSEUR) 118.58
ForSappr Existence of forest sappers’ teams 2015-2020 Binary (6) 0.2 1-0 0.4
DIMENSION 5 - Wildfires
Fire0316 Accumulated burnt area during the 2003-2016 period (historic burnt 2003-2016 % (13) 317 128.2-0.0 28.1
area)
Firel1719 Accumulated burnt area during the 2017-2019 period (recent burnt 2017-2019 % (13) 53.0 100.0 - 0.0 37.8

area)
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