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Prologo

Como tantos otros, nunca pensé que desarrollaria una carrera investigadora cuando comencé
a cursar Ciencias Ambientales en la Universidad de Alcald. Supongo que fue en segundo
curso cuando el analisis espacial capté mi atenciéon durante la asignatura de Tecnologias de
la Informacién Geografica. Sin embargo, también considero que fue el azar quien quiso que
en el ultimo afio de carrera me tocase desarrollar el trabajo “Planificaciin y gestion del acceso a la
naturaleza en ciudades de tamaro medio”, tutorizado por Marfa Jesus Salado y José Vicente Lucio.
Durante ese periodo, y con ayuda de mis tutores, aumenté mis conocimientos y capacidades
sobre los Sistemas de Informaciéon Geografica (SIG). Pero lo curioso es que sufri una especie
de epifania. De repente, fui consciente del alcance de estas tecnologfas ¢Sabia el resto del
mundo el potencial que podian llegar a tener? Parecia que se abriese ante mi un mundo de

posibilidades, por lo que decidi seguir formandome profesionalmente.

Mientras preparaba el master de Tecnologias de la Informacién Geografica conoci al médico
John Snow (1813-1858). John sostenfa que la epidemia de célera que asolé Londres a
mediados del s. XIX se trasmitfa mediante la ingestion de una “materia mérbida” que
producfa un sindrome diarreico con deshidratacion severa. Esta “materia moérbida” se
eliminaba a través de las deposiciones que finalmente terminaban en las aguas del Tamesis.
El circulo de contagio se cerraba cuando la gente extrafa para consumo el agua contaminada
del rfo. Para demostrar su hipétesis, durante un brote en 1854 en Golden Square, pint sobre
un mapa de la zona los puntos correspondientes a las muertes por célera y las distintas
bombas de agua de la zona. De esta forma demostré graficamente la relacion espacial entre
las defunciones y la bomba de Broad Street. Cuando levantaron la bomba se dieron cuenta

que se producian filtraciones de una tuberia de alcantarillado préxima.

Asi fue como John Snow desarrollé una de las primeras cartografias analiticas, la cual podria

considerarse como una especie de proto-SIG.

Me encant6 esta historia ya que, en cierto modo, me parecié magica. El mapa descifré una
realidad que hasta el momento no existia, o era desconocida. Me parece un bonito ejemplo
de aplicacién de los SIG, sobre todo en un tema como la salud que, a simple vista, puede

parecer bastante alejado del ambito de los SIG.

Cerca del final del master, conoci al equipo de Epidemiologia Social y Cardiovascular y su
proyecto de Barrios CardioSaludables (o HHH por sus siglas en inglés). Un equipo joven y

multidisciplinar, cuyo interés era conocer como la ciudad de Madrid podria influir en la salud



cardiovascular de sus residentes. Me parecié sumamente interesante el equipo y su
investigacion, asi que comencé a leer sobre epidemiologfa. Y para mi sorpresa, volvid a
aparecer Jonh Snow. Porque Jonh, ademas de ser considerado el primero en aplicar un SIG,
también es considerado uno de los padres de la epidemiologia moderna. En ese momento
me parecié una verdadera carambola. Asi que cuando se me present6 la oportunidad de
desarrollar un doctorado dentro del HHH, no lo pensé dos veces. Y aunque no fuese de
origen vocacional, decidi jugarmela con Fortuna. Y a dfa de hoy, ha sido una de las mejores

decisiones de mi vida que culmina con este documento.
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Abstract

ABSTRACT

Introduction

Currently, 80.1% of the Spanish population lives in cities and it is estimated that by 2050 this
percentage will increase to 84.6%. With this projection, urban environments are contexts
with a relevant role on populations' health by having physical and social characteristics
(contextual determinants) that may limit or promote specific health related behaviors.
Geospatial approaches allow improving the knowledge of these determinants when
considering the geographical properties of data and that may impact health results. These
approaches will help to improve the understanding of the mechanisms by which contextual

urban environments affect health.
Obijective

The main objective of this PhD dissertation is to develop a GIS-based methodological
proposal to characterize urban contextual determinants of cardiovascular disease (CVD). In
order to achieve this objective, three secondary objectives were proposed and developed in

three studies.
Study 1

1.1 To design a multi-component tool based on Geographic Information System (GIS)
integrating information from food and physical activity environments to characterize the

obesogenic environment of urban areas.
Study 2
2.1 To build a socioeconomic deprivation index and to study its statistical and geographic

stability through three spatial scales (census section, neighborhoods and districts).

2.2 To study the scale effect on the relationship between socioeconomic deprivation and

prevalence of CVD.
Study 3

3.1 To develop and implement the Heart Healthy Hoods (HHH) index integrating
characteristics of heart-healthy urban environments (food, physical activity, tobacco, and

alcohol) for small areas.
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3.2 To examine the association of the HHH index with the prevalence of CVD at the area

level.
Methods

Study 1 comprised an urban area of 12 contiguous census sections (=16,000 residents)
representing the median socio-demographic profile of the city of Madrid. Through
systematic social observation, the food environment was evaluated by auditing all food
stores. To assess the physical activity environment, all street segments were audited. A
geospatial analysis was performed to integrate information from both urban environments,
allowing to characterize the obesogenic environment. Using the Kernel Density Estimation
(KDE), point information (food stores) and linear information (street segments) became two
continuous mathematical surfaces. This previous step allowed integrating both surfaces in a
single one using map algebra. Finally, a zonal analysis was performed to obtain a unique

output value for each census section.

In study 2, a deprivation index was calculated with the data from the 2011 census for the
municipality of Madrid. Through a Principal Components Analysis (PCA), an index of
socioeconomic deprivation was calculated in three analysis scales (census section,
neighborhood, and district). Spatial autocorrelation analyses (global and local) and
cartographic representations were performed to evaluate the stability of the index through
the three spatial scales. In addition, a correlation analysis was run to study the change in the

relationship between deprivation and CVD prevalence at the three spatial scales.

Study 3 was also conducted in the municipality of Madrid. Using a multicomponent method
based on GIS, two index models were generated (model 0 unweighted and model 1 weighted)
using the percentage of deaths for the main CVD behavioral risk factors (diet, physical
activity, alcohol and tobacco environments). We performed a global regression analysis
(ordinary least squares -OLS-) and a local regression (Geographically Weighted Regression -
GWR-) to evaluate the relationship between both index models and the prevalence of CVD,

to finally identify the best index model.
Results

In study 1, a continuous synthetic index was obtained for the study area with a range from 0
to 100 where high scores indicated a healthier environment. Results showed a heterogeneous
spatial distribution of the obesogenic contextual determinants. In the study area an average

score of 25.5 was obtained. About 75% of the area had scores below 36.8 and 50% scotes
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below 25.5. The study area was also characterized in four categories according to the average
score of each census section: low (17.7-21.6), medium-low (21.7-30.8), medium-high (30.9-
35.1) and high (35.2- 43.8). Four of the 12 census sections were classified as low, four

medium-low, three medium-high and one as high.

Study 2 addressed the implications that the Modifiable Areal Unit Problem (MAUP) has on
the unit of analysis and the scale of choice when the data of socioeconomic deprivation are
aggregated for different areal units. For different administrative units, the index showed
different results and correlations with CVD prevalence. Varying the geographical unit in the
calculation of the deprivation index, the indicators integrating the index also varied. At the
census section and neighborhood level, indicators were trelated to occupation/labor market
and education domains. At the district level, two immigration-related indicators were part of
the first component of the ACP. The index presented significant correlations with the

prevalence of CVD for all scales, being greater as the size of the administrative unit increased.

In the third study, the weighted model for the HHH index showed a better fit for the two
regression analyses. GWR had a better fit and evidenced a non-stationary relationship
between the heart-healthy environment and CVD prevalence. The weighted model best
captured the spatial variation of environments with connected heart-healthy areas in the city
core and the worst values in the less populated areas around Madrid. The areas with inverse
relationships showed that improving the cardiovascular environment would contribute to
reducing the prevalence rates of CVD. However, we also identified areas with a positive

relationship between the models of the HHH index and the prevalence rates of CVD.
Conclusions

This doctoral research has proposed a new research line focusing on the interwoven nature
of multidimensional characteristics for the built envitonment in relation to CVD. In addition,
the impact that geographic properties of data have on health outcomes has been evidenced.
The spatial dependence, the MAUP, the scale effect, and the spatial heterogeneity have been

considered transversally to the evaluation of the urban context and its relationship with CVD.

Therefore, it is possible to appreciate a double contribution of this doctoral research: 1) it
considers the necessary geographic conceptualization in ecological studies; and 2) it applies
it to a very relevant global health problem as CVD. This geospatial approach is essential to
better understand the role of the place in health promotion and in the reduction of health

inequalities.
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RESUMEN

Introduccion

Actualmente en Espafia el 80,1% de la poblacién vive en ciudades y se estima que para 2050
este porcentaje aumentara a un 84,6%. Con esta proyeccion, los entornos urbanos se
presentan como contextos con un papel relevante en la salud de las poblaciones al poseer
caracteristicas fisicas y sociales (determinantes contextuales) que limitan o promueven
comportamientos saludables. El enfoque geoespacial permite mejorar el conocimiento de
estos determinantes al considerar las propiedades geograficas que tienen los datos y que
impactan sobre los resultados de salud en los estudio ecoldgico. Dicho enfoque ayudara a
mejorar la comprension del mecanismo por el cual los determinantes contextuales de las

ciudades afectan a la salud.
Obijetivos

El objetivo principal de la presente investigacion de doctorado es desarrollar una propuesta
metodoloégica basada en SIG para caracterizar los determinantes contextuales urbanos de la
enfermedad cardiovascular (ECV). Para lograr este objetivo, se plantearon objetivos

secundarios que fueron desarrollados en tres estudios.
Estudio 1.

1.1 Disefiar una herramienta multicomponente basada en Sistemas de Informacién
Geografica (SIG) que integre informaciéon de los entornos de actividad fisica y de

alimentacion para caracterizar entorno obesogénico de un area urbana.
Estudio 2.

2.1 Construir un indice de privaciéon socioeconémica y estudiar su estabilidad estadistica y

geografica a través de tres escalas espaciales (seccion censal, barrio y distrito).

2.2 Estudiar el efecto de la escala en la relacion entre la privaciéon socioecondmica y la

prevalencia de ECV.
Estudio 3.

3.1 Desarrollar e implementar el indice HHH integrando caracteristicas de los entornos

urbanos cardiosaludables (alimentos, actividad fisica, tabaco y alcohol) para areas pequefa.

3.2 Examinar la asociacion del indice de HHH con la prevalencia de ECV a nivel de area.
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Métodos

El estudio 1 comprendia un area urbana compuesta por 12 secciones censales contiguas
(=16,000 residentes) que representaba el perfil sociodemografico mediano de la ciudad de
Madrid. Mediante observacién social sistematica, se evalué el entorno alimentario auditando
todas las tiendas de alimentos. Para evaluar el entorno de actividad fisica, se auditaron todos
los segmentos de calle. El analisis geoespacial se utiliz6 para integrar la informacién de ambos
entornos lo que permitié caracterizar el entorno obesogénico. Usando la Estimacién de
Densidad de Kernel (EDK), la informaciéon puntual (tiendas de alimentos) y lineal
(segmentos de calle) se convirtié en dos superficies matematicas continuas. Este paso previo
permiti6 integrar ambas superficies en una sola mediante algebra de mapas. Finalmente, se

ejecut6 un analisis zonal para obtener un valor de salida Gnico de cada seccioén censal.

En el estudio 2 se calcul6 un indice de privacion con los datos del censo de 2011 para el
municipio de Madrid. Mediante un Analisis de Componentes Principales (ACP), se calcul6
un indice de privacién socioeconémica en tres escalas de analisis (seccion censal, barrio y
distrito). Se realizaron analisis de autocorrelacion espacial (global y local) y representaciones
cartograficas para evaluar la estabilidad del indice a través de las tres escalas espaciales.
Realizamos un analisis de correlacion para estudiar el cambio en la relacion entre la privacion

y la prevalencia de ECV en las tres escalas espaciales.

El estudio 3 también se realiz6 en el municipio madrilefio. Usando un método
multicomponente basado en SIG, se generaron dos modelos de indice (modelo 0 no
ponderado y modelo 1 ponderado) utilizando el porcentaje de muertes de los principales
factores de riesgo comportamentales de ECV (entornos de dieta, actividad fisica, alcohol y
tabaco). Realizamos un analisis de regresion global (minimos cuadrados —OLS-) y otro local
(regresion ponderada geograficamente —GWR-) para evaluar la relaciéon entre ambos

modelos de indice y la prevalencia de ECV, e identificar el mejor modelo de indice.
Resultados

En el estudio 1 se obtuvo un indice sintético contintio para el area de estudio con un rango
de 0 a 100 donde las puntuaciones altas indicaban un entorno mas saludable. Los resultados
mostraron una distribucién espacial heterogénea de los determinantes contextuales
obesogénicos. El area de estudio presentéd una puntuaciéon media de 25,5. Alrededor del 75%
del drea tenfa puntuaciones por debajo de 36.8 y el 50% puntuaciones por debajo de 25.5.

También se caracteriz6 el area de estudio en cuatro categorias de acuerdo con el puntaje
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promedio de cada seccion censal: baja (17.7—21.6), media-baja (21.7-30.8), media-alta (30.9—
35.1) y alta (35.2-43.8). Cuatro de las 12 secciones del censo estan clasificadas como bajas,

cuatro como medias-bajas, tres como medias-altas y una como alta.

El estudio 2 abordé las implicaciones que el Problema de la Unidad Espacial Modificable
(PUEM) tiene en la eleccion de la unidad de analisis y la escala cuando los datos de privacion
socioeconomica se agregan a diferentes unidades de area. Para las diferentes unidades
administrativas, el indice produjo diferentes resultados y correlaciones con la prevalencia de
ECV. Al variar la unidad geografica en el calculo del indice de privacion, los indicadores que
lo componen también variaron. A nivel de seccién censal y de barrio, los indicadores se
relacionaron con los dominios de ocupacion/mercado laboral y educaciéon. A nivel de
distrito, dos indicadores relacionados con la inmigracién ingresaron al primer componente
del ACP. El indice present6 unas correlaciones significativas con la prevalencia de ECV para
todas las escalas, siendo mayor a medida que aumentaba el tamafio de la unidad

administrativa.

En el tercer estudio, el modelo ponderado para el indice HHH presenté un mejor ajuste en
los dos analisis de regresion. El GWR mostré un mejor ajuste y revelé una relacién no
estacionaria entre el entorno cardiosaludable y la prevalencia de ECV. El modelo ponderado
capturé mejor la variacion espacial de los entornos con areas cardiosaludables conectadas en
el nicleo de la ciudad y los peores valores en las areas menos pobladas de los alrededores de
Madrid. Las areas con relaciones inversas mostraron que mejorar el entorno cardiovascular
contribuirfa a reducir las tasas de prevalencia de ECV. Sin embargo, también se identificaron

areas con una relacion positiva entre los modelos del indice HHH vy las tasas de prevalencia

de ECV.
Conclusiones

La presente investigacion doctoral ha planteado una linea de investigacién novedosa
centrada en la naturaleza entrelazada de las caracteristicas multidimensionales del entorno
construido relacionado con la ECV. Ademas, se ha demostrado el impacto que las
propiedades geograficas de los datos tienen sobre los resultados de salud. La dependencia
espacial, el MAUP, el efecto de escala y la heterogeneidad espacial se han evaluado
transversalmente a la evaluacién del contexto urbano y su relacion con la ECV. Por lo
tanto, es posible apreciar una doble contribucion de esta investigacion: 1) considera la

conceptualizacion geografica necesaria en estudios ecolégicosl; y 2) la aplica a un problema
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de salud global como la ECV. Este enfoque es crucial para comprender mejor el papel del

lugar en la promocién de la salud y la reduccion de las desigualdades en la salud.
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SECTION I.
INTRODUCTION

1. HEALTH GEOGRAPHY

Health Geography is a subdiscipline of Human Geography. Health Geography focuses on
the interaction between people and the environment (Dummer, 2008). Therefore, the
association between social and physical environments and health is an area of great interest
in Health Geography. The Department of Geography at the University of Alcala, in which
this dissertation has been produced, holds a long history of interest in health research under
the framework of Geographic Information Technologies (GIT) (Escobar ef al, 2004;
Aranguez et al., 2005; Eagleson et al., 2005; Laffly and Handschumacher, 2005). GIT are a
special class of information technologies which keep track not only of events, activities and
things, but also of where these events, activities, and things happen or exist (Longley e a/,
2005). Later on we will define in-depth GIT, precisely the Geographic Information Systems
(GIS), their functions and applications for Public Health research.

One of the strengths of considering health as a place-based phenomenon is to move beyond
a classical biomedical interpretation of the disease (interaction between a causative agent and
patient); by thinking about the broader context in which the condition has arisen
(Anthamatten and Hazen, 2011). When thinking spatially, geographers emphasize the
distinction between gpace, which deals with locating where things are; and place, which refers
to the cultural meaning of a particular environment (Anthamatten and Hazen, 2011). Place
refers to both a unique location and to the sense of place associated with it, referring to its
social meaning and values imbued by individuals and communities (Curtis, 2004). Both

aspects of geography inform the work of health geographers.

Greek philosophers were among the first to interrelate health and place. Some scholars
argued that geographical differences were responsible for patterns in disease and that the
relationship of people with their environment could be manipulated to influence health
(Anthamatten and Hazen, 2011). The seminal text of this perspective is included in the
Hippocratic Corpus (Macintyre and Ellaway, 2003; Anthamatten and Hazen, 2011; Brown e#
al., 2018). This work discussed medical ethics, holistic medicine, and environmental health

influences. One of the first mentions of place within a health context is to be found in the
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section entitled In the rivers, waters and places, which in simple terms, states that health and

diseases are a product of their environment (Macintyre and Ellaway, 2003; Brown e/ a/., 2018).

Since the early 1990s, this social and cultural theory has been progressively adopted in Health
Geography studies (Brown ez @/, 2018). The discipline adopts a holistic perspective
encompassing context and society, as well as conceptualizing the role of place and location
in well-being and illness (Dummer, 2008). Concepts such as politics, economics, race, gender
or underserved populations have become increasingly important in these "post-medical"
approaches to health and medical care (Anthamatten and Hazen, 2011; Brown e/ @/, 2018).
These approaches reject the positivist and reductionist points of views focused on explaining
health and disease simply as the presence or absence of a pathogen. Instead, they consider
the broader role of the social and psychological life of a person (Anthamatten and Hazen,
2011). Place in this context includes not only the landscape attributes or the built environment

but also how the people who live in it interact and respond to their environment.

Currently, Health Geography seeks to explore the social, cultural and political contexts of
health within a spatial organization frame (Dummer, 2008). This discipline is closely aligned
with epidemiology. However, Health Geography focuses mainly on relationships and spatial
patterns; while epidemiology focuses on the study of the distribution of health determinants
within populations. In addition, general definitions reveal that the concept of "distribution”
within the epidemiological field is not used from a strictly geographic point of view (Krieger,
2011). Health Geography studies cover several lines of research, some of them closely related

to epidemiology, and support the development of public health policy (Table 1).

Another important facet of Health Geography comprises exploring and questioning daily
practices and their complex interrelationships with both space and places which we co-
inhabit. Crucial to our understanding of the every is not only that we account for those
processes that (materially) structure people's experiences, but that we also recognize that
these experiences depend on the spaces and times in which people live (Brown ez a/., 2018).
In current societies, many human activities must be performed in spaces that are functionally
segregated and distant from one another during established periods of time (work schedules,
access to services)(Lenntorp, 1976, 1999, Hagerstrand, 1985, 1989) . People go through
different urban contexts exposing themselves to different environments during their daily
activities. These movements depend on the identities that people assume and those that are
attributed to them socially, either for reasons of race/ethnicity, class condition, sex or sexual

otientation, capacity/disability, etc. ; being important to differentiate these expetiences

10
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related to health (Anthamatten and Hazen, 2011). The study of individual spatio-temporal
patterns is key to understand the exposure of different social groups to urban environments
and their influence on health. There is a whole field of research on space-time mobility and
individual perception of urban environments (Hagerstrand, 1989; Kwan, 2012; Perchoux ez
al.,2013; Horner and Wood, 2014; Chen and Kwan, 2015), however, these works are beyond

the scope of this PhD dissertation.

Table 1: Examples of Health Geography research relevant to public health policy. Based

on Dummer, 2008.

Research area

Services,
infrastructures and

land-use planning

Disease
surveillance,

modelling and
mapping

Disease etiology
and determinants

of health

Environmental
health risk _factors

assessment

Health service use

Inequalities in
health outcomes

Therapentic and
healthy landscapes

Examples

Regulating the local availability of tobacco retailing in Madrid, Spain: a
GIS study to evaluate compliance (Valiente ¢z a/., 2018)

Availability of healthy foods and dietary patterns: The Multi-Ethnic study
of atherosclerosis (Franco ¢ al., 2009)

Census tract socioeconomic and physical environment and cardiovascular
mortality in the Region of Madrid (Spain) (Dominguez-Betjén ef al., 2010)

Geographic analysis of motor neuron disease mortality and heavy metals
released to rivers in Spain (Sanchez-Diaz ez al., 2018)

Neighborhood social and economic change and retail food environment
change in Madrid (Spain): The heart healthy hoods study (Bilal e 4,
2018)

Associations of alcohol availability and neighborhood socioeconomic
characteristics with drinking: Cross-sectional results from the Multi-
Ethnic Study of Atherosclerosis (MESA) (Brenner ef al., 2015)

Study of non-Hodgkin's lymphoma mortality associated with industrial
pollution in Spain, using Poisson models (Ramis ez a/., 2009)

Mapping environmental injustices: Pitfalls and potential of geographic
information systems in assessing environmental health and equity

(Maantay, 2002)

Poverty and access to health care in developing countries (Peters ez al,
2008)

Socioeconomic inequalities in mortality in 16 European cities (Borrell ez
al., 2014)

Increasing mortality differentials by residential area level of poverty:
Britain 1981-1997 (Shaw ez al., 2000)

Urban residential environments and senior citizens longevity in megacity
areas: The importance of walkable green spaces (Takano, Nakamura and
Watanabe, 2002)

11
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1.1 SPATIAL INEQUALITIES OF DISEASE

Spatial differences in mortality, morbidity and health behaviors between neighborhoods,
regions, and countries have been studied for decades (Macintyre and Ellaway, 2003;
Mackenbach ez al., 2003). It has been demonstrated that vulnerable and socially disadvantaged
populations have a higher prevalence of unhealthy behaviors and a lower life expectancy than
those with higher social status (Marmot ez a/, 1997; Marmot, 2005). Principally, this is due to
an increased exposure to harmful products, such as contaminated water, tobacco, unhealthy
foods, or limited access to health services (Marmot, 2006). Disturbingly, recent evidence has
shown that these differences have not been reduced but in turn, have increased (Pearce ez al.,
2010; Richardson ef al, 2014; Chetty et al, 2016; Stanaway e al., 2018). According to
estimates, in 2040 Japan, Singapore, Spain, and Switzerland will have a life expectancy of
more than 85 years (Foreman e a/, 2018). At the same time, Central African Republic,
Lesotho, Somalia, and Zimbabwe will have a life expectancy lower than 65 years which

indicates global inequalities in survival are likely to persist if current trends are maintained.

Within cities, such inequalities also occur. For example, in the city of London, women living
in Camden have approximately 5 more years of life expectancy than women living in Barking
or Dagenham (Office for National Statistics, 2017). In the case of Madrid, on a 20-minute
subway trip between the Districts of Chamber{ and Puente de Vallecas, men will travel a 2.5-
year gap on life expectancy (Estadisticas Madrid, 2017). Within cities, populations with
similar socioeconomic characteristics tend to group in the same areas, generating spatial
segregation. There is no doubt that health statistics in these areas are influenced by the socio-
economic composition of the population living in them. Age, education, sex, and other
individual factors influence people’s health. But are these compositional factors enough to
explain the geographical variations? Is there a contextual effect, some kind of local influence
that makes the health of an area better (or worse) than what it would be expected from the
composition of the population? Geography becomes a key element to understand how these
socio-spatial inequalities are generated and maintained and to discern if they are explained

by compositional, contextual, or a combination of both factors.

1.1.1 Geographic differences in health: contextual or compositional?

Often two possible explanations for the geographical variations in health have been

identified: the compositional and the contextual (Macintyre and Ellaway, 2003). The

12
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compositional explanation argues that health differences between places are due to the type
of people residing in these places, while the contextual explanation posits that it is due to the
characteristics of the places themselves. For example, the compositional explanation argues
that the poorest die before the rich, so the areas with a higher number of poor people will
have higher mortality rates and lower life expectancy (Macintyre and Ellaway, 2003; Brown
et al., 2018). That is, the poor will die sooner and have worse health than the rich, no matter
where they live. This compositional explanation implies that geographical differences in
health are simply the result of the geographical distribution pattern of the poor and the rich.
The compositional factors of geographical disparities in health would include individual

socio-economic characteristics such as age, sex, poverty or social class.

Instead, the contextual explanation suggests that there are characteristics of the social and
physical environment of a place that directly or indirectly influence the health of the people
living there (Macintyre, Ellaway and Cummins, 2002; Diez-Roux and Mair, 2010); or even
other individuals who may be exposed to that environment in the performance of their daily
tasks (work, go to school, etc.) (Brown e7 al, 2018). Are these differences between places
what drive the socio-spatial pattern of health? People can live healthier/un-healthier lives if
they reside in areas with characteristics that promote/restrict healthy habits. Such
characteristics could include access to parks and green spaces (to promote physical activity
and mental well-being), greater exposure to a poor quality food environment (such as fast
food establishments that promote the consumption of nutrition-poor foods) or the design

of an active transport infrastructure (to promote active travel such as walking and cycling).

It is important to understand the differences between the two models when exploring socio-
spatial inequalities in health. However, compositional and contextual explanations have
tended to be seen as mutually exclusive, competitive, and culturally and historically universal
(Macintyre, Ellaway and Cummins, 2002). However, and as we will see in the next section,

this distinction may be more apparent than real.

1.1.2 Relationship between composition and context: deprivation amplification

It is very likely that the distinction between people and places, composition, and context, is
somehow artificial. People modify places and places modify people (Macintyre and Ellaway,
2003). Context and composition do not necessarily have to exert independent effects but can

act synergistically through the deprivation amplification process (Macintyre, 2007). This
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refers to a process by which individual disadvantage is compounded by the disadvantaged
area or neighborhood level. Let’s imagine a person with low educational and socioeconomic
status. It is likely that this person is doomed to live in a neighborhood with lower housing
quality or with fewer community resources (green spaces, healthy food opportunities or local
facilities). Living in this neighborhood may be less auspicious to maintaining good health,
further amplifying the individual level risk. Therefore, the underlying social and spatial
process that determine individual-level risks can also be, in part, a product of the
environment to which he or she is exposed. Geographical space becomes both a product
and a producer of health inequalities, reflecting a certain social, economic and political

organization, materialized in a spatial segregation within cities (Barcellos and Buzai, 2000).

Therefore, residents of unfavorable neighborhoods experience a double disadvantage
whereby they are not only personally disadvantaged but probably also lack the necessary
infrastructure to carry on a healthy life in their neighborhood. This could translate into the
development of unhealthy habits (smoking, poor diet or insufficient physical activity) that
would become part of the causality chain of health outcomes (Macintyre, Ellaway and

Cummins, 2002) and would not act alone as confounding factors in the analysis.

1.2 METHODOLOGICAL CHALLENGES OF HEALTH GEOGRAPHY

When analyzing the relationship between urban environments and health from a
geographical perspective, it is necessary to take into account the challenges arising from this
type of research. In this work, these challenges are mainly focused on the point of view of
ecological studies. Ecological studies are those that examine health outcomes (or risk factors)
using aggregated data, either under geographical or under temporal units. They are
commonly used in Health Geography because they link health outcomes with a particular
space. This kind of studies are comparatively un-expensive and easier to perform than cohort
or case-control studies. However, health policies derived from this type of studies can be
limited by three classic methodological problems: the ecological fallacy, the Modifiable Areal

Unit Problem, and the spatial dependence and the spatial heterogeneity.

1.2.1 The ecological fallacy

The ecological fallacy consists of the incorrect inference of the relationships observed at the

aggregate level (for example, between the low socioeconomic status of a community and the
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prevalence of obesity) in the same direction and magnitude at the individual level (for
example, the probability of individuals with low socioeconomic status being obese)
(Robinson, 1950; Macintyre, Ellaway and Cummins, 2002; Macintyre and Ellaway, 2003).
Therefore, it is important to distinguish between the misuse of aggregated data in area units
as a proxy for individual data (ecological fallacy), and the analysis of social and physical
environment effects on the health of individuals or populations (ecological perspective)

(Macintyre and Ellaway, 2003).

It should be noted that ecological analysis in epidemiology have been avoided for a while
due to concerns about the ecological fallacy (Pearce, 2000; Macintyre and Ellaway, 2003).
However, ecological studies are back, as shown by the number of studies published in the
last decade using this study design (Coutts and Hahn, 2015; Golden e /., 2015; Sallis and
Owen, 2015; Kiraly ez 4/, 2017). This is because it is increasingly recognized that, even when
studying risk factors at the individual level, studies at the population level play an essential
role in the definition of most important public health issues and in the generation of
hypothesis about their possible causes (Diez-Roux, 1998; Pearce, 2000). Ecological studies
are back due to the fact that it is increasingly recognized that some disease risk factors actually

operate at the population level (Rose, 1985; Pearce, 2000; Cummins and Macintyre, 2000).

Going back to the implications of the ecological fallacy in geography and health studies, it is
important to take this "problem" into account when conducting multi-scale studies. When
working through scales, we must avoid the erroneous assumption that a relationship
observed on a scale will necessarily be maintained at other scales. For example, in an
ecological study on a national scale, it may be concluded that higher population density levels
(such as within cities) are more likely to have asthma as compared to populations with lower
density levels (e.g., rural). However, this does not mean that at the city level, areas with
higher population density are more likely to suffer from asthma than areas with low-

population density.

1.2.2 The Modifiable Areal Unit Problem

When we attempt to collect contextual data, one of the main methodological issues to be
taken into account is the selection of the aggregation unit (areal unit) and its relationship with
the most appropriate spatial scale. Spatial resolution is related to the size and definition of

the geographic area we hypothesize influences a health outcome (Diez-Roux, 2001).
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Although many epidemiological and Health Geography studies use administrative areal units
(census tracts, districts, municipalities, provinces and so on), it is often recognized this may
not be the most appropriate spatial resolution (Macintyre, Ellaway and Cummins, 2002).
Some of its influences can operate at an extremely local level (pedestrian accessibility to
health food stores for instance), while others can operate at the regional, state or provincial

level (the regulation of tobacco consumption in public places) (Macintyre and Ellaway, 2003).

This methodological challenge is known as the Modifiable Areal Unit Problem (MAUP) and
is the geographical manifestation of the ecological fallacy (Openshaw, 1983; Eagleson,
Escobar and Williamson, 2003; Anthamatten and Hazen, 2011). MAUP is an inherent
problem in the use of aggregated data in areal units. It implies a potential error of
measurement due to the data aggregation in units that have been delimited for historical,
political or statistical reasons; and not for homogeneity reasons of social, economic or health
population conditions (Fotheringham and Wong, 1991; Eagleson, Escobar and Williamson,
2002; Schuurman et al., 2007). Although MAUP is an old friend of geosciences, it has also
been identified as a methodological challenge in epidemiology and public health (Diez-Roux,
2001).

The way the MAUP reveals itself is two-fold: the goning effect and the scale effect (Openshaw,
1984; Fotheringham and Wong, 1991). The zoning effect refers to the different configurations
of the same size areas generating different results (Houston, 2014). An example of this effect
would be when the results obtained in a continuous grid system of 100 m, differ from the

results using a grid system of 100 m oriented differently (figure 1). The second MAUP effect

Reality

ORIENTATION A ORIENTATION B

Figure 1. Representation of the zoning effect when changing the orientation of a grid.
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is the scale effect, the one that commonly affects health studies. This effect implies the variation
results using a grid system of 100 m oriented differently (figure 1). The second MAUP effect
is the scale effect, the one that commonly affects health studies. This effect implies the variation
that can be obtained in the health results when the data for a set of areal units are added
progressively in smaller and larger analysis units (Openshaw, 1984). For example, when
census data are aggregated in census sections, neighborhoods or districts, different results

are obtained (figure 2).
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Figure 2. Representation of the scale effect on a deprivation index by increasing the size of the unit of
aggregation (Census tract, neighborhood and District) of Madrid municipality.

Selecting the appropriate spatial scale involves establishing the spatial resolution of the study,
that is, the ability to distinguish objects on the surface of the earth. On a larger scale, statistical
aggregation of data on smaller surface units (i.e., census tracts, figure 2) will be required, but
these areas contain fewer cases and, therefore, less stable rates. On the contrary, at smaller
scales, aggregation occurs in larger areas (i.e., districts, figure 2), blurring significant variability
and, sometimes, leading to interpretations that are contradictory to those derived from finer
resolution data. (Hanigan, Cochrane and Davey, 2017; Nelson and Brewer, 2017). Therefore,

it is necessary to take into account how MAUP affects most of the statistics and its impact
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on the variance, standard deviation, correlation, regression analysis and other statistical

results (Fotheringham and Wong, 1991; Flowerdew, Manley and Sabel, 2008).

Any health phenomenon being analyzed is linked inseparably to the scale, given that its scale
provides its meaning. However, many times there is no choice and we are constrained by the
spatial scale or the level of aggregation to which the information is available. We have to be

aware, when interpreting our findings, that this problem may be impacting our results.

1.2.3 Spatial dependence and spatial heterogeneity

Two problems arise when data have a spatial component: 1) the spatial dependence between
the observations and 2) the spatial heterogeneity in the relationships we are modeling. These
additional spatial “problems" or "effects" are related to the challenge of applying classical
statistical methods to spatially aggregated data. Both of them are important in the statistical
analysis since they can invalidate certain methodological results, demand adaptations to
others, and in some contexts, they require the development of specialized techniques

(Anselin, 1988).

Most parametric statistics assume that the variables are independent of the region where they
happen. This assumption is directly in conflict with the first law of geography “everything is
related to everything else, but nearby things are more related than distant things” (Tobler, 1970). This law
expresses the process of spatial dependence or spatial autocorrelation. Spatial dependence
means that in a geographical area if an event occurs in a particular location, another event is
more likely to occur near the initial event than in locations farther away, and therefore, events
cannot be considered independent (Griffith and Chun, 2014). In addition, spatial dependence

also takes into account the influence that observation units have on each other.

As shown in figure 3, spatial patterns that would show the data can be dispersed, random or
clustered. If the presence of an observation in a spatial location makes such observation less
likely to occur in its environment, we speak of dispersion (negative autocorrelation). When
the presence of an observation in a location increases the probability of finding similar
observations in nearby places, we speak of a clustered pattern (positive autocorrelation).
Finally, when none of the previous cases occurs, we say of a random pattern or spatial
independence (autocorrelation close to zero). Several studies have shown that health
outcomes and the contextual characteristics are not randomly distributed through space

(Gebreab, 2018). On the contrary, they tend to show a certain degree of spatial clustering,

18



SECTION L. Introduction

depending on the scale at which they are collected and investigated (Jerrett, Gale and

Kontgis, 2010; Root, 2012).

However, far from being simply a statistical nuisance that must be corrected, spatial
autocorrelation can provide a substantive view of contextual determinants that affect health
outcomes and their relevant spatial scales (Chaix, Merlo and Chauvin, 2005; Root, 2012). For
example, the presence of spatial dependence on a national scale may suggest the influence of
large-scale contextual factors, such as health infrastructure or policies to regulate tobacco
use. Alternatively, spatial dependence between nearby neighborhoods may suggest the
influence of local contextual factors, such as access to healthy food stores or sports facilities.
Spatial autocorrelation analysis of the data can help determine the best scale for

measurements and predictions in the investigation of context determinants that affect health.

Dispersed Random Clusterd

=) Spatial Autocorrelation (+)

Figure 3: Types of spatial autocorrelation and their spatial pattern

The second spatial effect, spatial heterogeneity, is a concept defined by the absence of
structural stability through geographical space (Anselin, 1988; Goodchild, 2004). Due to
spatial heterogeneity, it is impossible to conceive an average location on the surface of the
Earth and its full range cannot be understood by simply extrapolating a local conditions
(Goodchild, 2004, 2009) (Goodchild, 2009, 2004). In words of Goodchild, "Like the weather,
geographic phenomena do not oscillate around a mean, but drift from one locally average condition to another.
If this were not so, European excplorers would not have found “new’ worlds, but new samples of old ones. "'
(Goodchild, 2009). Human activities are the main forces behind spatial heterogeneity in built

environments. Geographical information relating to urban geography captures essentially

spatial variations of the built environments, which also shows heterogeneity (Jiang, 2015).
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Implications of spatial heterogeneity, or nonstationary in the statistical meaning of the term,
lie in the fact that there is a variation in the relationship under study through the geographical
space. Previously we mentioned that spatial dependence considers the observations to be
dependent on the location where they are collected and on the neighboring observations.
Following this assumption, spatial heterogeneity refers to the local variance of spatial
dependence (Jiang, 2015). While spatial dependence violates the independent observations
assumption, spatial heterogeneity violates the existence of a single linear relationship
assumption with constant variance through sample data observations. (LeSage, 1999). This
creates problems for traditional regression methods assuming a single constant relationship
for the entire data sample. If the relationship varies, or if the variance changes as we move
forward in the spatial data sample, alternative estimation procedures are needed to
successfully model this variation and to extract appropriate inferences. For this reason, a
series of methods have been developed to consider these variations through space (with
random coefficients and variable parameters) (Anselin, 1988). However, these efforts have
been slowly incorporated into the public health field due to the widespread lack of quality
data, the training in spatial thinking and the software tools for spatial statistics. (Auchincloss
et al., 2012).
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2. THE EPIDEMIC OF CARDIOVASCULAR DISEASE

Cardiovascular Disease (CVD)' is the leading cause of death in Europe. It presents the
highest social and economic burden among all diseases, given the costs of treatment and its
complications (Barton ez al, 2011). CVD covers a wide range of disorders, including diseases
of the heart muscle and vascular system supplying heart, brain, and other vital organs. The
most common manifestations of CVD are ischemic the heart disease, congestive heart
failure, and stroke (Lopez ez al., 2006). CVD and associated risk factors such as diabetes,
obesity, and hypertension continue to rise epidemically in contemporary populations (Franco
et al., 2011; Stanaway e al., 2018). According to projections, its burden will increase in the
next decades due to the increase in prevalence (Franco ez al., 2011; Foreman ez al., 2018). The
prevention of cardiovascular diseases, as well as other non-communicable diseases such as
cancer, diabetes and lung diseases, continues to be a current issue in public health, not only

in Europe but worldwide (Foreman ez al., 2018; Stanaway ez al., 2018).

A general classification of the main risk factors of CVD divides them into non-modifiable
(age, sex, genetic factors/family history, among others); and modifiable (hypettension,
smoking, diabetes, unhealthy diet, obesity, sedentary lifestyle, dyslipidemia and alcohol
consumption, mainly). In turn, modifiable risk factors can be classified as behavioral or
biological. Behavioral risk factors include unhealthy habits, such as smoking, unhealthy diets,
sedentary lifestyle and excessive alcohol consumption (Ezzati and Riboli, 2012; Eckel e 4/,
2014). Behavioral factors are directly associated with biological risk factors such as
hypertension, dyslipidemia, and diabetes; representing a large proportion of the excess risk

of CVD in populations (Bilal, Diez, e al., 2010).

2.1 BEHAVIORAL RISK FACTORS OF CARDIOVASCULAR DISEASE
2.1.1 Diet

Four of the fundamental behavioral risk factors of cardiovascular diseases (hyperlipidemia,
hypertension, obesity, and diabetes) are mainly of dietary origin (Franco e al, 2011).
Unhealthy dietary practices comprise a high consumption of saturated fats, refined

carbohydrates, and salt, as well as a low consumption of fruits and vegetables.

L CVD is used as an abbreviation of cardiovascular disease, not cerebrovascular disease

21



SECTION L. Introduction

According to the "Global Burden Disease" research program that assesses the burden of
disease and mortality at the global and regional level (http://www.healthdata.org/gbd),
dietary risk factors account for 51.48% of all deaths by CVD in the world, or 9,085,088
deaths per year. Of the individual dietary risk factors, the highest attributable burden in 2010
was associated with low-fruits diets (4.9 million annual deaths), followed by diets high in
sodium (4.0 million deaths), low in dry fruits and seeds (2.5 million), low in cereals (1.7
million), low in vegetables (1.8 million) and low in omega-3 fatty acids of marine origin (1.4
million) (Lim e al., 2012). Spain is below these values, but they are no less wortrisome. 35.17%
of CVD deaths in Spain are associated with dietary risk factors, representing 44,617 deaths

per year.

The Spanish diet is generally identified with the traditional Mediterranean diet. It is
characterized by a high intake of olive oil, fruits, nuts, vegetables and cereals; a moderate
intake of fish and poultry; a low intake of dairy products, red meats, processed meats and
sweets; and a moderate consumption of wine, consumed with meals (Willett ez 2/, 1995). The
Mediterranean diet is the most likely dietary model to provide protection against coronary
heart disease (Gémez-Gracia ef al, 2013). Nowadays, Spaniards consume a Mediterranean
diet modified by the food changes associated with the economic development of the last
decades. Our diet includes an acceptable consumption of fruits and vegetables, relatively rich
in cereals (in the form of bread), with a high amount of added fats in the form of vegetable
oils (mainly olive oil) and high consumption of fish. However, the consumption of meat,
prepared dishes, non-alcoholic beverages (juices and soft drinks, mostly sugary) and sugar is
high, while the consumption of legumes is low. Although the consumption of dairy products

is adequate, that of the varieties richest in fat is excessive (Villar ez a/, 2007).

2.1.2 Physical activity.

It is estimated that insufficient physical activity is a risk factor that causes, globally, 3.2 million
deaths per year (Lim ef al, 2012). In summary, the scientific evidence of the benefits of
physical activity on individual health considers that it reduces the risk of cardiovascular
disease, hypertension, diabetes, certain forms of cancer, and that ii has an important role in
the management of certain chronic diseases. On mental health, physical activity has positive
effects by reducing stress, anxiety, depression and, possibly, delays the effects of Alzheimert's
disease and other forms of dementia (Lee e a/., 2012; WHO, 2015). It is estimated that not

walking vigorously 15-30 minutes a day (WHO, 2010) is responsible for between 6% and
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10% of the main non-contagious diseases burden (Lee ez a/, 2012), with a global burden of
disease similar to smoking (Wen and Wu, 2012). In particular, the burden of disease
attributable to lack of physical activity is 5.8% for coronary heart disease, 7.2% for type 11
diabetes, 10.1% for breast cancer, 10.4% for colon cancer and 9.4% for general mortality
(Lee et al, 2012). In Spain, these attributable burdens are higher; therefore, the lack of
compliance with WHO recommendations is responsible for 8.3% of coronary heart disease,
10.3% of type 2 diabetes, 13.8% of breast cancer, 14.9% of colon cancer and 13.4% of
mortality general (Lee ¢f a/., 2012). In addition, complying with WHO recommendations for

physical activity would increase life expectancy by 0.68 years worldwide (Lee e7 4/, 2012).

2.1.3 Alcohol Consumption

In 2016, 5.3% (3 million) of all deaths worldwide were attributed to harmful alcohol
consumption, being higher in men (2.3 million) than in women (0.7 million) (WHO, 2018a).
Of all global deaths attributable to alcohol consumption in 2016, 19% were due to CVDs
(WHO, 2018a). The global strategy to reduce the harmful use of alcohol defines "harmful
use" as a consumption pattern that causes harmful health and social consequences for the
drinker, the people around the drinker, the society in general, and is associated with an
increased risk of adverse health effects (WHO, 2014). Harmful alcohol consumption carries
a heavy burden. However, the relationship between alcohol consumption and CVD is
complex: the volume of alcohol consumed and the pattern of consumption over time affect
health in a different way. In particular, the pattern of alcohol consumption has been related
to injuries, both involuntary and intentional (Macdonald et al. 2013), and the risk of CVD,
mainly ischemic heart disease and stroke (Roerecke and Rehm, 2012). On the other hand,
alcohol consumption has detrimental effects on hypertension, atrial fibrillation and stroke,

regardless of the pattern of consumption (Roerecke and Rehm, 2012).

Surveys and mortality studies, particularly from the developed world, suggest that there are
more drinkers, more drinking occasions and more drinkers with low-risk consumption
patterns in the highest socioeconomic groups (WHO, 2014). This results in a paradox
according to which disadvantaged populations with a higher number of abstainers and a
lower or equal level of alcohol consumption (Van Oers ez al., 1999), seem to suffer greater
harm and be more vulnerable to the consequences of alcohol consumption than the most

favored populations (Jones e# al., 2015).
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2.1.4 Smoking

One of the main risk factors for CVD and other chronic diseases such as cancer or
respiratory diseases is smoking. The WHO considers smoking an epidemic that kills more
than 7 million people a year and almost 80% of the more than one billion smokers in the
world, residing in low or middle-income countries, where the burden of morbidity and

associated mortality is greater(WHO, 2017).

In Spain, the smoking habit resembles that of the rest of the countries of the European
Union with a smoking prevalence of 31.4% for men and 27.4% for women (WHO, 2018b).
The historical pattern followed by the epidemic in Spain marked historical highs in men in
the 70s and 80s, with prevalence rates between 54.0% and 61.3%. In the case of women,
maximums were reached in the 90s and beginning of 2000 with a prevalence between 26.0%
and 26.7% (Bilal e al., 2014). The intersection between gender and class helps to understand
these gender differences in smoking habits. Men from upper social classes first started
smoking, followed by men from the middle classes and upper-class women (Bilal, Beltran, ez
al., 2016). As men of the most favored classes were abandoning the habit, it was adopted by
men of a lower social class and women of that same class. Today, people from the most

disadvantaged social classes have the highest prevalence of smoking (Hiscock ez a/, 2012; Bilal,
Beltran, ez al., 20106).

2.2 STRATEGIES FOR PREVENTION OF CARDIOVASCULAR DISEASE

Given the economic and public health burden of CVD and their associated risk factors, it is
necessary to adopt new research approaches and methodologies to obtain reliable results for
future prevention policies. But before, it is essential to understand the etiology frames of the
disease. According to the classic epidemiological work of Geoffrey Rose (Rose, 1985), two
preventive approaches to cardiovascular disease are differentiated: the individual and the

population.

The individual approach is focused on the sick individuals and secks answers to questions
such as, why does this person have hypertension? Meanwhile, the population approach seeks
answers to questions such as: Why are there so many people with hypertension in my
country, compared to others? The first approach corresponds to the traditional medical
approach and is addressed by individual prevention strategies (i.e. smoking cessation

programs). The second approach attempts to change the entire distribution of a given disease
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(or risk factor) in a population group. Therefore, the effect of prevention is not limited to
people with high risk but on contextual factors, the “mass forces" defined by Rose (Rose,
1985), affecting the entire population. The limited success of current preventive strategies
based on the individual level demonstrates the need for new approaches based on the
determinants of CVD at the population level (Lake and Townshend, 2006; Arnott ez al.,
2014).

In epidemiology and public health, this approach is relatively new and was originated as a
response to certain postulates of individualism and positivism. It tries to shift the attention
to the structural and contextual influences on health (and their behaviors), as well as to
inequalities in health (Macintyre, Ellaway and Cummins, 2002). On their side, geographers
and sociologists have long argued that place is important to explain the social and spatial
pattern of health (Anthamatten and Hazen, 2011; Brown ez @/, 2018). The cities and
neighborhoods where we live represent a unique opportunity to study how the determinants
(social and physical) of urban environments contribute to health outcomes (Borrell ef al,
2014; Franco, Bilal and Diez-Roux, 2015), and based on the knowledge generated, develop

sound population prevention strategies.
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3. URBAN CONTEXT AND HEALTH

The United Nations estimates that by 2050, 68.4% of the world population will live in cities,
reaching figures of 88.0 % in developed countries (UN DESA, 2018). In Spain, currently
80.1% of the population live in cities and it is estimated that by 2050 this percentage will
increase to 84.6 % (UN DESA, 2018). Given this scenario, urban environments are
presented as important contexts with a role in the health of the populations, since they
possess physical and social characteristics (Diez-Roux and Mair, 2010) that can limit or

promote unhealthy behaviors.

Modifying physical and social characteristics of the urban environment may have the
potential to improve the health of individuals and may also produce a reduction in social and
environmental inequalities in health. For example, an effective prevention strategy for CVD
will depend on actions to improve the living environment, facilitate physical activity, reduce
tobacco and alcohol consumption, regulate access to dangerous products, and provide
information and education services for healthier lifestyles (WHO, 2008). Having a deeper
appreciation of the physical and social contextual characteristics of the "place” allows us to
better understand the specific causal mechanism between the contextual factors of cities and

health, specifically in the case of this PhD dissertation, on cardiovascular health.

3.1 URBAN CONTEXT I: BUILT ENVIRONMENT AND CVD

The health risks associated to the urban environment have been theorized to cover a wide
range of environmental risks together with aspects of the built environment which can be
potentially positive or negative for health (Brown e a/., 2018). The definitions and conceptual
frameworks that define the scope of built environment vary throughout the scientific
literature. A definition of built environment could be one that encompasses all relatively fixed
aspects, such as buildings, spaces, and products people create or modify. It includes urban
design, transportation systems, together with planning and policies that define land uses (Rao

et al., 2007; Duncan and Kawachi, 2018).

The causal relationships between built environment and health are difficult to clarify, but
there is a growing body of evidence showing mechanisms by which the built environment
impacts on health. In 2003 Diez-Roux created a conceptual model of possible routes by
which certain characteristics of the built environment could impact on CVD risk (Diez-Roux,

2003). In this conceptual framework (figure 4), Diez-Roux shows the characteristics of the
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built environment (contextual determinants or factors) that can be relevant for cardiovascular
health outcomes. The contextual determinants of CVD are complex and multifaceted,
considering in this work, only those that influence the behaviors related to physical activity,

eating, alcohol consumption, and smoking.

Physical environment

Access to recreational resources Physical activity

Transportation, sidewalks,

bike lanes )
Walking
Desing of public spaces
Land use, density, Blood
street conectivity, urban form Strees and 00d presure
psychosocial factor Obesity Cardiovascular
) Diabetes disease
Aesthetic Dyslipidemia
Diet Others
Availability and cost healthy foods
Food, alcohol and tobacco advertising Smoking y drinking

Availability of alcohol and tobacco
Sleep disturbance and strees

Noise

Figure 4. Conceptual model of possible pathways linking the built environment to CVD (Adapted from
Diez-Roux 2003).

The contextual determinants of physical activity can be divided into those influenced by
active transport and those by physical activity in leisure time. The determinants of active
transport are related to walking and to the use of bicycles and include characteristics such as
the quality of pavements, the presence of bicycle lanes, safety and aesthetics, land uses,
destinations or connectivity of streets (Pikora ez al, 2003). The contextual influences of
physical activity in leisure time, or recreational, are determined by the accessibility and
availability of sports facilities and green spaces (Pikora e al, 2006). Likewise, the availability
and accessibility to certain characteristics of the local environment can promote or mitigate
behaviors related to diet, alcohol consumption and smoking. The contextual determinants
of healthy eating include all aspects of the local food environment that influence eating
behavior (Caballero, Finglas and Toldra, 2016). Food stores and their associated accessibility,

as well as the availability of healthy foods, have been shown to affect dietary behaviors
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(Franco et al., 2009). The contextual determinants that influence the consumption of alcohol
and tobacco are also associated with the accessibility, availability and promotion of alcoholic
beverages and tobacco (Popova et al., 2009; Lee ¢t al., 2015; Foster ef al., 2017; Sureda ez al.,
2017).

Researchers have expressed the need to examine how the characteristics of the built
environment give rise to the presence of cardiovascular risk factors (Diez-Roux, 2003).
However, research on health and urban environment encompasses a series of key challenges,
some of which have already been discussed (the scale or spatial unit choice), along with
others such as the development of methodologies to examine contextual determinants or the
relationship between the characteristics of different built environments. In one of the most
exhaustive longitudinal research in this regard, the Multiethnic Study of Atherosclerosis
(MESA), features of the built environment, such as access to healthy foods, and physical
activity resources, were linked to various CVD risk factors. Along 5 years, adult participants
aged 45 to 84, residing in an area with access to healthy foods and physical activity resources,
presented a 10% lower risk of obesity (Auchincloss ef a/, 2013) and 38% lower diabetes
(Auchincloss ez al., 2008) regardless of individual characteristics and behaviors. However,
despite other studies supporting these results (Papas ez al, 2007), the diversity of
methodologies used and the results obtained reflect the complexity of the chain of causality
that links contextual determinants and different chronic diseases, as well as the challenges
inherent to the measurement of complex social phenomena (Glass and McAtee, 2006; Feng

¢t al., 2010; Leal and Chaix, 2011; Cobb e# al., 2015; Townshend and Lake, 20106).

3.1.1 Interrelation of built environments

Previous studies have generally characterized the built environment narrowly (ie.,
considering a single exposure construct) examining its association with specific behavioral
risk factors and specific health outcomes (Popova et al., 2009; McCormack and Shiell, 2011;
Lee et al., 2015; Lytle and Sokol, 2017). Taking the regulation of body weight as an example.
Body weight depends on multiple factors, being physical activity and eating healthy among
the most relevant (Bethlehem ez a/, 2014). Yet, research on contextual determinants and
obesity tends to treat both physical activity and food environments independently, obtaining
associations with different health outcomes. However, characteristics of the utrban
environments are not isolated but are the result of social forces shaping neighborhoods

(Guthman, 2013). The strong correlation between physical activity and dietary behaviors
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requires strategies addressing physical activity and diet options simultaneously (Goverment
Office for Science, 2003; Economos ¢ al., 2015; Meyer et al., 2015). Interventions may result
ineffective if those only focus on promoting physical activity ignoring a food environment
which could promote the intake of unhealthy foods (Economos ez al, 2015). For these
reasons, a new approach emerged to operationalize the contextual determinants of obesity
by simultaneously adding contextual factors to both the physical activity and the food
environment. It was named the obesogenic environment (Lake and Townshend, 20006;
Saelens ez al., 2012; Townshend and Lake, 2016). For example, Saelens et al., (2012) found a
significant association between physical activity and food environments combined with
obesity, suggesting characteristics of neighborhoods can work together to create obesogenic

environments (Saelens ¢ a/., 2012).

Although the evidence about the usefulness of integrated measures of built environment is
increasing, the study of the obesogenic environment has mainly focused on the relationship
with the overweight or obesity (Nau e a/., 2015; DeWeese ¢t al., 2018; Hobbs ez al., 2018).
Despite this, recent studies have found spatial associations between other built environment
domains and health behaviors (Schneider and Gruber, 2013; D’Angelo ¢/ al., 2015; Shortt ez
al., 2015). These studies focused their attention to a new area of research that combines
multidimensional measures of the built environment related to health. For example, a study
in Germany found tobacco, alcohol and fast food stores were more likely to be grouped in
low-income neighborhoods (Schneider and Gruber, 2013). This study concluded the
obesogenic environments and addictive environments can have a contextual influence on a
person's lifestyle and contribute to health risks. Similatly, a study in Glasgow, Scotland,
showed clusters of alcohol, tobacco, fast food, and gambling in the most deprived areas

(Macdonald ez al., 2018).

Following the evidences provided by these studies, some efforts should focus on the
interwoven nature of the multidimensional characteristics of the built environment related
to CVD. The cardiovascular environment could be considered as one that integrates multiple
factors of the urban context affecting CVD behaviors. As previously noted, there are
investigations that relate the food environment to obesity (Lytle and Sokol, 2017) and the
physical activity environment with behaviors related to sedentary lifestyle or lack of physical
activity (McCormack and Shiell, 2011). Other studies have explored the associations between
availability and accessibility to both alcoholic beverages and tobacco stores, with alcohol and

tobacco consumption behaviors, respectively (Popova e al., 2009; Lee ¢t al., 2015). Therefore,
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the need to integrate different domains of the urban environment that influence CVD
behaviors is considered imperative (Guthman, 2013; D’Angelo ez al., 2015; Meyer ez al., 2015;
Green ¢t al., 2018).

3.2 URBAN CONTEXT II: SOCIAL ENVIRONMENT

In the investigation of health behaviors, the influence of social factors is widely recognized.
Although there is no definition of "social environment" universally accepted, it refers to the
configuration of norms, the application of social control patterns, promoting or limiting
opportunities to develop certain healthy behaviors and reducing or producing stress
(Berkman, Kawachi and Glymour, 2014). In this dissertation, we focus on the social
phenomena related to socioeconomic stratification, discrimination or poverty. It is important
to emphasize that both the differentiation of social environments and the grouping of people
with a similar social and economic position are not accidental, rather, it expresses the social

structure through the geographical differentiation of the city (Roberts, 1997).

We know poverty and poor health are linked to each other: most disadvantaged countries
generally have poorer health conditions, and within countries, socially and economically
disadvantaged people tend to be less healthy (Marmot ez a/., 1997; Anthamatten and Hazen,
2011). Research has revealed that this "health gap" forms a clear gradient: health status
improves with increasing socioeconomic status, whether stratifying individuals or areas
(Marmot ez al., 1997; Marmot, 2005; Kreatsoulas and Anand, 2010). Consequently, unhealthy
behaviors are not distributed randomly in populations, but they present a socio-economic
pattern and also tend to group together (Berkman, Kawachi and Glymour, 2014). The
research focused on disadvantaged areas has supported the idea that factors at local level
might help explain the relationship between health and socioeconomic inequality. Area
effects (or neighborhood effects) consider the "net change in the contribution to life
opportunities that occur when living in one area rather than in other" (Anthamatten and
Hazen, 2011). The central idea is that neighborhood characteristics are important for health
despite the characteristics at individual level. For instance, a national study in the United
States found that neighborhood socioeconomic status is more closely related to health status
than individual or family socioeconomic status (Robert, 1998). Another study in Chicago,
with individual-level variables held constant, six neighborhood-level indicators predicted low

birth weight, together contributing to a variation in rate of 5.5% (Roberts, 1997).
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Marmot et al. (1997) considered three types of explanation for these social inequalities in
health: health determines social position (health selection), social position determines health
(social causation), and factors operating early in life determine both the social status reached
as the state of health (indirect selection) (Marmot e a/., 1997). The social causes suggest
disadvantaged people are not as healthy as a result of their low income and social position.
This explanation focuses attention on the social determinants of health: the social, political
and economic conditions that influence health. As Marmot showeds in his work “Improving
the social environment to improve health” (Marmot, 1998), "the main determinants of disease are mainly

economic and social, and therefore their remedies must also be economic and social”.

Consequently, this work focuses on the socioeconomic determinants of health. Specifically,
socioeconomic determinants include the conditions under which people are born, grow, live,
work and grow old (WHO, 2008), and are determined by the distribution of money, power
and resources globally, nationally and locally (Stronks ef al., 2016). Despite advances in
primary and secondary prevention of CVD, large inequalities are still maintained across space
and time (Roth ez @/, 2017; Foreman ef al., 2018). As mentioned before, the prevalence of
some cardiovascular risk factors (for example, obesity or diabetes) is increasing worldwide
(Roth ef al., 2017; Foreman et al., 2018). Therefore, it is necessary to focus efforts on
understanding the role of the "causes of causes" (i.c., the social determinants of health) to

help closing the current equality gap.

3.2.1 Social determinants of health: socio-economic deprivation and CVD

The urban environment itself can be considered as a social determinant of health by offering
the conditions under which people are born, grow, live, work and age (WHO, 2008). In turn,
these urban environments are determined by political, social and economic forces; and they
influence a person's opportunity to be healthy, their risk of disease and their life expectancy
(Stronks et al., 2016). Social inequalities in health are the unfair and avoidable differences in
health status among socially, economically, demographically and geographically defined
population groups (WHO, 2008). They are the result of the unequal distribution of social
determinants. These inequalities tend to be greater in urban areas, with disadvantaged groups

concentrated in marginalized neighborhoods (Borrell ¢f a/., 2014).

Several studies have documented associations between local socioeconomic determinants

and cardiovascular risk. Diex-Roux et al. (2001), in a longitudinal study, examined
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socioeconomic disadvantages at the neighborhood level according to socioeconomic
characteristics, with the incidence of coronary heart disease (Diez-Roux ez /., 2001). With
nine years of follow-up, they found that living in the most disadvantaged neighborhoods was
associated with a 70% to 90% higher risk of coronary heart disease in whites and between
30% and 40% higher in blacks, regardless of the individual characteristics (Diez-Roux ez al,
2001). Other studies have found a similar association between neighborhood socioeconomic
status and the prevalence of CVD, incidence, mortality, and a variety of risk factors
(Waitzman and Smith, 1998; Chaix ¢# a/., 2006; Chaix, Rosvall and Merlo, 2007; Brown e7 al.,
2011), regardless of individual characteristics, suggesting residents' socioeconomic

characteristics do not fully explain them.

Frequently, the concept of area deprivation has been used to characterize and to study the
impact of socioeconomic determinants on health (Burrows ez /., 2011; Laraia ef al., 2012;
Weng ¢z al., 2017). The term "deprivation" emerged in Britain in the late 1980s as a result of
a long tradition in the analysis of social inequalities in health (Townsend, Phillimore and
Beattie, 1988). Deprivation can be defined as a state of observable and demonstrable
disadvantage in relation to the community, society or nation to which an individual, a family
or a group belongs (Townsend, Phillimore and Beattie, 1988). Deprivation indexes are tools
that provide a synthetic measure of the different aspects of socioeconomic deprivation.
These measures have been widely used because they are easily available from the census data,
which allows calculating deprivation indexes to different area units and relating them with

georeferenced health data.
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4. METHODS AND TOOLS FOR MEASURING URBAN
ENVIRONMENTS: GEOGRAPHIC INFORMATION SYSTEMS

Geographic Information Systems (GIS) is a valuable addition to the health geographer's
toolkit. Since the maps were used for the first time to analyze and describe spatial patterns
in health, no innovation has had as much impact on the study of Health Geography as GIS.
There is not a single, widely accepted definition of GIS. The British-American geographer
M.F. Goodchild defined GIS based on three characteristics: by its functionality (a system for
input, storage, analysis and output of geographically referenced information), its contents (a
system containing geographically referenced information) and its purpose (a system for
support of spatial decision making)(Goodchild, 1987). However, all three characteristics are
broad enough to include a vast array of software products. Another definition of GIS could
be a system of hardware, software, data and users that allows to capture, store, display, map,
analyze, etc. geographical information and with this help to make decisions (Bosque, 1992).
Along with new technologies such as Global Positioning Systems (GPS), terabytes of open
spatial data on the Internet, advances in visualization techniques such as 3D or animated or
dynamic cartography; the GIS continues to increase the possibilities of health studies

(Dummer, 2008; Anthamatten and Hazen, 2011).

All spatial information stored in a GIS is georeferenced. It can be based on a geographical
coordinate system (latitude and longitude) or on a projected one (X and Y axes). With the
defined coordinate system, GIS allows to store spatial characteristics that are the
representation of any geographical entity with a location, being a person, an address, a road
or a city. In addition, GIS allows storing additional information about these spatial
characteristics in the form of an attribute. For example, if we know the population density
of all the neighborhoods of a given city, it would be possible to generate a thematic map
representing the population density gradient of that city. This additional information may
consist of statistics on almost anything interesting to the researcher, such as smoking habits,
the density of green spaces or the prevalence of a disease. When these attributes (variables)
are linked to the position data, the result is a powerful means to analyze the geographical

distribution of the concerned phenomenon.

One of the main uses of GIS in the study of exposure to urban environments is the
development of spatial exposure measures. Regardless of the domain of exposure (food

environment, physical activity, alcohol or tobacco), the main spatial exposure measures used
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in the literature are limited to the spatial dimensions of "availability" and "accessibility"
(Popova et al., 2009; Charreire e al., 2010; Bivoltsis ez al., 2018; Valiente ef al., 2018). Density
measures are the most developed in relation to the availability dimension (Bivoltsis ez al.,
2018). They are based on the presence, proportion, variety, count, relative density or diversity
of an entity, within a defined area. In order to assess the spatial dimension of accessibility,
proximity measures are usually used between a reference point and one or several destination
points. Proximity measures are generally expressed as distances within the street network,
straight line distances, travel times or spatial interaction models, including gravity models
that quantify the decay ratio of the distance between two locations where the use decreases
with increasing distance from a reference point (Bivoltsis e7 a/., 2018). As it has already been
pointed out, when speaking about built environment, the different exposure measures used
in the literature contribute to the current contradictory evidence in the study of urban

environments and health.

Another useful feature of GIS is the ability to combine data from several sources allowing
the exploration of spatial patterns of different phenomena. For example, when exploring the
mortality patterns due to coronary ischemic disease, GIS allows linking a table with the
adjusted mortality rates by census section of Madrid, with a file containing geographic
boundaries of the census sections of Madrid. This way, it is possible to produce a map that
can visually reveal spatial patterns. When having additional spatial information on income,
poverty, or pollution, we may explore if any of these characteristics may be related to the
mortality pattern. This is an example of the well-known Exploratory Spatial Data Analysis
(ESDA). The ESDA extends the definition of Exploratory Data Analysis (EDA) to spatial
data and represents a preliminary process in which data and research results are viewed from
many different points of view, one of which is data visualization on maps. Visual analytics is
an emerging interdisciplinary approach and the creation of meanings to explore, analyze,
communicate and generate hypotheses based on large, complex and heterogeneous data
(Nelson and Brewer, 2017) (Nelson & Brewer, 2015). Thus, one of the advantages of ESDA
is that it allows generating new hypotheses from a large volume of data instead of validating

them a priori.

While visualization of spatial patterns is a key part of the study of Health Geography, more
sophisticated techniques are usually required to generate meaningful conclusions. For
example, spatial statistics have developed several methods making possible to consider the

dependence or spatial heterogeneity of the data in the analysis. These methods have been
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slow to penetrate the fields of epidemiology and public health, possibly due to the lack of
data quality, the lack of training in spatial thinking or the lack of specialized staff in spatial
statistics software tools. Today, GIS and spatial statistics tools have become much more
accessible. Further below, I will explain in detail the methods and techniques of spatial

statistics used in this PhD thesis.

It could be said that these are the most widely used GIS applications in the field of public
health research. However, the rise of smart mobile communication devices has opened a new
wortld of possibilities. These devices are able to identify their position with a high degree of
precision through Global Positioning Systems (GPS) and through the triangulation of mobile
telephone towers (Oliver et al., 2015). In addition, smart mobiles have an internet connection
and a multitude of applications that allow their connection with the geographical location of
the device. What is interesting and powerful is the fact that mobile phones, when connected,
leave behind a digital trail, which can be used to analyze and model human behavior at the
individual and aggregate levels (Oliver et al., 2015). These functionalities have led public

health research to new scenarios as the following examples show.

Accurate estimation of an individual's exposute to an environmental characteristic implicated
in the etiology of a disease has been an inaccurate science so far. Often, the place of residence
or work is used as an approximation. However, individuals develop their daily activities in
complex patterns. For this reason, they are exposed to a variety of urban contexts. Therefore,
researchers are using the new features of remote devices to unravel the relationship between
exposure to urban environments and health outcomes (Kirchner e @/, 2013). Kirchner et al.
(2013) used GPS data captured from mobile phones to study the relationship between the
desire to smoke and exposure to tobacco outlets. Mobility data were used to quantify the
number of times the participants came into contact with a tobacco outlet, and in turn, they
registered the desire to smoke and the state (whether they had smoked or not) in real time
through the Ecological Momentary Assessment (EMA) (Kirchner ez al., 2013). EMA is a
method increasingly used in research that requires the collection of self-reported data in real
time on the experiences of people in their daily activity environment (Stone and Shiffman,
1994). EMA usually collects multiple observations per day for periods of several days, weeks
or even months. EMA, integrated into an intelligent device, provides the opportunity to
study geographic-temporal patterns and the momentary processes that influence behavior
within the natural environment (Engel ez al., 2016). Another study in New Zealand used

accelerometers, GPS and GIS to assess the proportion of physical activity that children
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performed in public parks with playgrounds. They concluded that the combination of these
methodologies is a successful procedure to improve knowledge of the locations where
children engage in physical activity (Quigg ez a/., 2010). GPS devices together with GIS have
also been used to track when and where people buy food in relation to their availability and

activity space within their food environment (Christian, 2012; Gustafson ez a/., 2013)

Mobile applications developed for the self-monitoring of the health and physical condition
of users can also be very useful for research. Currently, there are several interactive tools for
people tracking dietary or physical activity behaviors online. Using GPS on their phones, or
other wireless sensors, users might track their physical activity or their food behaviors
(Hirsch et al., 2014; Middelweerd et al., 2014; Franco et al., 2016; Schoeppe e¢f al., 2017). This
allows researchers to link dietary information or geocoded physical activity with other
geographic characteristics at specific dates and times. Tracking facilitates the investigation of
large-scale activity patterns and the influence of small-scale factors (such as the
socioeconomic status of the neighborhood, characteristics of built environment or the parks
and green spaces). The global increase of the use of these tools allows for larger samples of
behavior and location that don't have been available so far. In addition, the samples collected
throughout the world allow developing international research with the comparison of

different countries.

Social networks are also representing an important new data source for researchers from the
Geography of Health and Public Health domains. The Ghosh and Guha obesity study stands
out in the United States. Using data from the Twitter social network they showed that within
a quarter of a mile from the location of a tweet with food-related content, it is easier to find
two McDonalds than a supermarket or a large grocery store (Ghosh and Guha, 2013). The
same study found a significant correlation between the state with the highest number of
policies related to obesity and the number of tweets with content on prevention of obesity.
In the same line of research, another study from the United States, using geolocalized tweets,
explored the prevalence of healthy and unhealthy foods. In addition, it examined whether
tweets about unhealthy foods were more common in underprivileged areas (Widener and Li,
2014). Their results showed most disadvantaged areas tend to have a smaller proportion of
tweets about healthy foods with positive sentiment and a higher proportion of unhealthy
tweets in general (Widener and Li, 2014). Other studies have used geolocalized tweets within
the field of health. Their interest lies on analyzing happiness, food environment and physical

activity (Nguyen ef al., 20106); depression (Yang and Mu, 2015), tobacco (Kim e7 a/., 2015), the
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social environment (Shelton, Poorthuis and Zook, 2015; Nguyen e# a/., 2017) and the most
one, mobility (Hawelka ¢ 2/, 2014; Lenormand ez al., 2014; Jurdak e al., 2015; Luo et al., 2016;
Yin e al., 2010).

The purpose of this section is not to develop an exhaustive review on positioning
technologies and their application in health. However, it is important to show that, thanks
to the ubiquity of mobile devices and advances in communication technologies, today we
have the ability to monitor human behavior outside clinical environments and without having

to rely on self-reported information.
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5. THE HEART HEALTHY HOODS PROJECT

This PhD dissertation has been developed along and within the Heart Healthy Hoods
(HHH) project. This European Research Council-founded project, is a social epidemiology
study whose main objective is to study the association between the social and physical
characteristics of the urban environment and cardiovascular health in the municipality of
Madrid, Spain (Bilal, Diez, ¢z al, 2016). To achieve this, it proposes an innovative and
multidisciplinary methodological framework, where each scientific domain offers the
relevant paradigmatic grounds, and in which geographical analysis, with tools such as GIS,
plays a fundamental role. The theoretical framework underlying the project assumes that

both the social and the physical environments impact on the individual’s health-related risk

factors (figure 5).

Social Physical Individual
Environment Environment Cardiovascular Health

dyslipidemia

hypertension
diabetes

obesity

;
i
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Unemployment— Education — Poverty
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Figure 5. Conceptual framework of the Heart Healthy Hoods project. Social and physical environments
affect individual behavioral risk factors (smoking, unhealthy diets, lack of physical activity and
consumption of alcohol) directly associated with CVD. Behavioral risk factors increase the risk of

hypertension, dyslipidemia, and diabetes (which represent a large proportion of the excess CVD risk at

the population-level).

Individual risk factors (smoking, unhealthy diets, insufficient physical activity, and alcohol
consumption) are directly associated with CVD. These behavioral risk factors increase the
biological risk of hypertension, dyslipidemia, and diabetes represent a large proportion of the

excess CVD risk at the population-level (Bilal, Diez, ¢f a/., 2016). Within this project, urban
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environments refers to food, physical activity, tobacco, and alcohol, which are measured and
evaluated through three complementary approaches: residents’ perceptions, geographic
information systems and systematic social observation. These observations are correlated
with cardiovascular health data obtained from two different sources. First, a cohort study
based on primary care that includes 2200 people recruited from 31 primary health care
centers in Madrid. Second, a population-based study that includes all residents of Madrid
aged 40 to 75 using electronic primary care records. This study also combines econometrics,
geography, sociology, and anthropology to obtain a complete description of the
environments in which residents live and work in Madrid. In addition, the cohort study
includes direct measurements of cardiovascular health indicators, which constitute a solid
and multifaceted data source. The study of the entire population offers a complete picture
of the cardiovascular health of the ~ 1.5 million residents of Madrid aged 40 to 75. This PhD
dissertation began in the eatly stages of the HHH project, with the aim of designing novel

methods to better characterize the physical and social environment of Madrid.
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SECTION I
RESEARCH

As previously discussed, the geospatial approach has become essential to help unravel the
relationships between urban factors influencing people’s cardiovascular health. It is
becoming clearer that the social and physical characteristics of geographical areas contribute
to health outcomes (contextual effect) independently of the profile of the individuals who
live in those areas (compositional effect). Health Geography recognizes the importance of
the context, the environment, and the spatial scale, from the global to the local, in the

determination of health outcomes.

This dissertation aims at addressing the issues associated with the measurement and analysis
of the urban contextual determinants of cardiovascular disease discussed in the previous

sections. .

There is still potential for the full uptake of GIS technologies and geographical theory in
ecological studies researching urban environments related to CVD. The widespread use of
functions such as proximity analysis or analysis in defined areas (buffers or administrative
areas) is underutilizing other more robust GIS functions, such as interpolations (Charreire ez
al., 2010; Feng et al., 2010; Buck ez al., 2011; Thornton e# al., 2012). An example would be the
Kernel Density Estimate (KDE) interpolation. The KDE adjusts to a mathematical surface
(composed of pixels) with a normal distribution at each observation point. Essentially, the
value of each point is smoothed over the study area producing a density value that is higher
at the location of each point and decays when increasing the distance using a defined
bandwidth (Catlos e# al., 2010). KDE overcomes the limitations in the binary definitions of
the analysis based on fixed geographical limits (for example, number of stores per census
section). Smooth transitions across boundaries (defined administratively) better represent the
reality of urban environments (Chaix ez a/, 2009). The resulting KDE surface can be used as

an independent variable in statistical models (Catlos ¢ a/., 2010).

Another example would be the use of traditional linear models which assuming the
independence of observations. This assumption will probably produce inaccurate estimates
in the presence of spatial autocorrelation (Kirby, Delmelle and Eberth, 2017). In addition,

the traditional models also assume a unique linear relationship with constant variance
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through observations of sample data (L.eSage, 1999). This implies not considering the spatial
heterogeneity of data by assuming that a single constant relationship is maintained for the

entire data sample.

The health data generally used in this type of studies have been based on self-reported or
mortality results. Self-reported data are limited by the fact that they can rarely be
independently verified and usually contain several sources of bias (response, memory,
attribution or social desirability) (Rothman, Greenland and Associate, 2014). Spain has a
universal health system, integrated, based on primary care and is free. It has an electronic
health registration system that provides support for administrative functions (appointments,
schedules, activity records) and management (to obtain indicators), providing a complete
record of the medical care process. Thanks to the HHH project, this research has
cardiovascular disease data of ~ 1.5 million inhabitants of Madrid City obtained from these
electronic records. Having this information makes a difference when studying the impact of
both built and social environment characteristics on the behavior of the inhabitants and their

results in cardiovascular health.

Another justification for this research is the need to develop studies linking health and the
urban environment in Europe. At present, several reviews have summarized the available
evidence on the relationship between the environment and different health outcomes (Feng
et al., 2010; Giskes 7 al., 2011; Lee and Maheswaran, 2011; Caspi ¢z al., 2012; Carroll-Scott ef
al., 2013). However, most studies were conducted in North America and Australia, while the
proportion of studies conducted in Europe is more limited. It is necessary to generate
evidence about the European urban environment since they differ markedly from the
Australian or American context (Kasanko ez a/., 2006), and particularly in Mediterranean cities

such as Madrid.
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1. HYPOTHESIS

The relationship of contextual determinants (physical and social) with health outcomes has
been evidenced. In addition, it is clear that a geospatial approach improves the measurement
of contextual determinants and improves the analyses in relation with CVD. Specifically, GIS
allows developing indexes integrating different measures of the urban environment. With all

this in mind, this PhD dissertation raises the following hypothesis:

GIS-based multicomponent indexes may capture the intertwined nature of the contextual

determinants of CVD in a more complete fashion than single indexes.

2. OBJECTIVES

The main objective of this PhD research is to develop a GIS-based methodological proposal

to characterize urban contextual determinants of CVD.

To achieve the main objective, it is necessary to achieve the secondary objectives listed below.

2.1 SECONDARY OBJECTIVES

SO1. To design a GIS-based multicomponent index to integrate information from food and

physical activity environments to characterize the obesogenic environment of an urban area.

SO2. To build a socioeconomic deprivation index and to study its statistical and geographic
stability through three different spatial observation units (census section, neighborhoods and

districts).

SO3. To study the scale effect on the relationship between socioeconomic deprivation and

prevalence of CVD.

SO4. To develop and implement a multicomponent index, the Heart Healthy Hoods index
(HHH index), integrating characteristics of healthy urban environments for the heart (food,

physical activity, tobacco, and alcohol) using GIS tools.

SO5. To examine the association of the HHH index with the prevalence of CVD at the area

level.

To achieve the proposed general and secondary objectives, we have undertaken three

separate and complementary studies that have been published in three different international
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and relevant health geography scientific journals. In the next section the data and methods

used in these three studies are discussed.

3. SUMMARY OF DATA AND METHODS

Study 1. Characterizing physical activity and food urban environments: A GIS-based

multicomponent proposal.

The study area comprised a socio-demographically average urban area of 12 contiguous
census sections (=16.000 residents), in Madrid. To assess food environment, 40 food stores
were audited through the Nutrition Environment Measures Survey in Stores (NEMS-S). To
assess the physical activity environment, 145 street segments were audited through the tool
Systematic Pedestrian and Cycling Environment Scan (SPACES-M). Both tools were

adapted to our research context.

Geospatial analysis was used to integrate the information of both environments and
characterize the obesogenic environment. Using a Kernel Density Estimation (KDE),
information punctual (food stores) and linear (street segments) became two continuous
mathematical surfaces. This previous step allows integrating both surfaces in a single surface
performing map algebra. The operation adopted for map algebra was a local unweighted
average that computes an average of pixels at the same location in both surfaces. Finally, we
used zonal analysis that calculates a single output value for each census section averaging all

pixels that fall within each area.

Study 2. Geographic and statistic stability of deprivation aggregated measures at

different spatial units in health research

For Madrid municipality a deprivation index was calculated with the 2011 census data
provided by the Spanish Statistical Office. By Principal Components Analysis (PCA),
socioeconomic and demographic indicators for the urban area were added in an index in

three scales of analysis (census sections, neighborhoods and districts).

Spatial autocorrelation analysis (global and local) and cartographic representations were
performed to evaluate the stability of the index through the three spatial scales. The global

analysis was a Moran's Index and the local a bivariate Local Indicators of Spatial Association
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(or bivariate LLISA). We conducted a Pearson correlation analyses to study the change in the

relationship between deprivation and the CVD prevalence across the three spatial scales.

Study 3. A multicomponent method assessing healthy cardiovascular urban

environments: The Heart Healthy Hoods Index

This study was also conducted in Madrid municipality. Using GIS methods, we generated
two index models (model 0 unweighted and model 1 weighted) using the percentage of
deaths for the main behavioral risk factors for CVD (diet, physical activity, alcohol, and
tobacco environments). We performed global (Ordinal Least Square, OLS) and local
(Geographically Weighed Regression, GWR) regression analyses to assess the relationship

between both index models and CVD prevalence, and to identify the best index model.
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Study 1. Characterizing physical activity and food urban environments: A GIS-based
multicomponent proposal
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Abstract

Background: Healthier urban environments influence the distribution of cardiovascular risk factors. Our aim
was to design and implement a multicomponent method based on Geographic Information Systems to
characterize and evaluate environmental correlates of obesity: the food and the physical activity urban

environments.

Methods: Study location comprised a socio-demographically average urban area of 12 contiguous census
sections (16,000 residents), in Madrid, Spain. We conducted on-field audits on all food stores and street
segments. We designed a synthetic index integrating continuous measures of both environments, by kernel
density analyses. Index ranges from 0 to 100 (least-most healthy).

Results: We found a heterogeneous distribution with 75 and 50 % of the area scoring less than 36.8 and 25.5,
respectively. Census sections of study area were categorized by Jenks intervals as high, medium-high,
medium—low and low. 41.0 % of residents lived in an area with a low score, 23.6 % medium-low and 31.1 %

medium-high and 4.2 % in a high.

Conclusion: The proposed synthetic index may be a relevant tool to inform urban health interventions,
providing a feasible way to integrate different measures of barriers and facilitators of healthy urban

environments in terms of food and physical activity.

Keywords: Synthetic index, Geographic Information Systems, Healthy food availability, Physical activity,

Obesogenic environments

Background

The obesity epidemic is one of the main public health
concerns of the present century [1]. Prevalence of over-
weight and obesity in European countries ranges from 45
to 67 %. Spain presents some of the highest levels of over-
weight (60.9 %) and obesity (23.7 %) in Europe [1].

The limited success of current individual-level based
strategies shows the need for new approaches based on
population-level determinants of obesity [2]. These
approaches focus on affecting the fundamental causes [3]
of the distribution of risk factors in the whole population
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[4]. These fundamental causes were called mass influences
by Rose [4] and are mostly environmental or social factors
at several levels. There is a large and renewed interest in
these fundamental causes, especially at urban contexts, and
particularly at neighborhood level [4-8].

Much of this renewed interest on neighborhood research
in chronic diseases focuses on cardiovascular diseases,
diabetes mellitus, and obesity [8-10], given that poor
access to healthy foods and limited opportunities for
physical activity are related to potentially health-relevant
neighborhood physical and social environments. As the
place of residence is associated with socioeconomic status,
neighborhood characteristics can contribute significantly
to health inequalities [9, 10]. Unlike other studies focusing
on access inequalities to healthy areas as green spaces [11],
healthy food environment [8] or health facilities [10],

© 2016 The Author(s). This article is distributed under the terms of the Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and

indicate if changes were made. The Creative Commons Public Domain Dedication waiver (http://creativecommons.org/
publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.
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our focus is based on neighborhood characterization as the
next step within a wider research.

Body weight regulation depends on multiple factors,
such as physical activity and healthy eating [12]. The con-
textual determinants of physical activity are complex and
multifaceted, but can be roughly classified into transport-
related physical activity and leisure-time physical activity
influences. The determinants of active transportation relate
to walking and biking and include features such as quality
of pavements, safety, mix land use, destinations or
connectivity [13]. Contextual influences of leisure-time or
recreational physical activity include sports facilities and
green spaces [14]. For this work we took into account the
contextual determinants related to walkability. Con-textual
determinants of healthy eating include all aspects of the
local food environment that influence dietary behaviors
[15]. Food stores and their associated accessibility and
availability of healthy foods have been previously shown
to affect dietary behaviors [16].

The literature on the associations between contextual
determinants of physical activity and healthy eating is
mixed. The diversity of methodologies used and the results
obtained [17-19] highlight the complexity of the chain of
causation linking contextual factors and different chronic
diseases, as well as the challenges inherent on measuring
complex social phenomena [20]. Among these challenges
there is the intertwining of environmental features:
physical activity environments and food environments are
not isolated but rather the result of social forces that affect
neighborhoods [21].

Much of the previous research has focused solely on
one factor in isolation, such as walkability [22] or healthy
food availability [23]. Moreover, the strong correlation
between physical activity and dietary behaviors calls for
strategies that tackle sedentary and unhealthy choices
concurrently [24-26]. Interventions may be ineffective if
only focused on promoting physical activity, ignoring a
food environment which may promote unhealthy foods
[24]. Thereby, there is a need of an integrated approach to
understand contextual factors of both environments.

A potential promising avenue to operationalize the
contextual determinants of obesity is to aggregate
measures of both physical activity and diet determinants.
Previous studies have aggregated urban context indicators
in a synthetic index, finding significant correlations with
health outcomes [18, 27, 28]. Kelly-Schwartz et al. [28],
found a significant association between a composite index
county sprawl index) and obesity, but not between their
components and health outcomes [28].

Geographic Information Systems (GIS) are rap-idly
becoming a relevant part of the panoply of methods
adopted in Public Health research [29]. GIS is a well-suited
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tool to define healthy urban environments allowing to
integrate data from different sources and scales, both
spatial and non-spatial. Our objective is to design a
multivariable tool based on GIS to integrate information
from the physical activity and food environments to better
characterize obesogenic environments in urban areas.

Methods

This study was conducted within the multidisciplinary
Heart Healthy Hoods project [30]. The main objective of
this European project is to analyse the impact of the
physical and social urban environment in relation to
residents’ cardiovascular health in Madrid, Spain.

Study area

Madrid is the capital city of Spain, located in the central
area of the country with a population of 3,186,595
habitants [31]. Madrid Metropolitan Region has around 6.5
million residents, the third-largest in Europe, after Lon-don
and Paris. The City of Madrid is administratively divided
into 21 districts which, in turn, are divided into 2412 census
sections, the smallest administrative area for the Spanish
Census (population~ = 1000-1500 per census section).

In order to conduct our study in an area that was not
extreme in sociodemographic or urban form terms, we
selected these 12 census sections using the Median
Neighborhood Index (MNI) [32]. This method selects
clusters of census sections that are on average closest to the
median neighborhood in four variables: % above 65 years
of age or older, % with low education, % foreign-born and
population density. More details on this method can be
found in Bilal et al. [32] supplementary material.

Study area is located in the southern part of the district
of Ciudad Lineal, adjacent to the city ring road (M-30) (see
Fig. 1). This area has an extension of approximately 42
hectares with a total population of 14,980 residents [31].
The study area was developed in the early twentieth
century. At that time it was part of the municipality of
Canillas and was not incorporated to the City of Madrid
until 1955, when the main city incorporated all its sur-
rounding municipalities [33]. The area has received a
considerable influx of migration from other rural areas
from Spain, especially coincident with the rural exodus of
the 60s. Both urban morphology and building structure is
relatively homogeneous throughout the area. Most
buildings are residential and rank from three to nine stories
being the vast majority five stories tall. Given the small size
of each census section (~1000-1500 people), there is some
random variability in socio-demographic as well as
population density within the area, mostly related to the
height of the buildings (and hence differential residential
density).
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Fig.1 Map of study area. Colored areas represent census sections within the pilot study area
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According the 2014 Health Report of Madrid City weight 18.2 % of obesity conforming the last National
Council [34], 41.2 % of the population presents over Health Survey, they values remain alarmingly high.
weight or obesity, 30.1 and 11.2 % respectively. Although ~ Regarding risk factors, the Risk Factors Surveillance
these values are below national measures, 38.4 of over-  System Associated with Noncommunicable Diseases in
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Adult Population of 2013 [35], indicated that 49.2 % of
Madrid citizens affirm to be sitting most of their working
time and that 73 % were inactive at leisure time. Regarding
diet, Madrid citizens eat in average 1.2 rations of fresh fruit
and 1.1 rations of vegetables per day. These rates are far
from the recommendations of 5 rations per day [36].

Characterizing the urban environment

Food environment

We measured healthy food availability by conducting in-
store audits within all food stores present in the study area.
We found 40 retail food stores within the selected census
sections, which were classified by store type as: corner
stores (small stores with a low variety of items and
generally no fresh products); grocery stores (mid-sized
stores with higher variety and presence of fresh products);
supermarkets (large stores with highest variety and
presence of fresh products); specialty stores (greengrocers,
butcheries, fishmongers and bakeries); gas stations; and
convenience stores (long opening hours and no presence of
fresh products). More details of these measurements
properties have been published in Bilal et al. [32].

Trained data collectors used an abbreviated version of
the Nutrition Environment Measures Survey in Stores
(NEMS-S), developed and validated by Glanz et al. [23].
The NEMS -S has been used in several contexts, including
the US [37] and Brazil [38]. The abbreviated version was
developed by the Johns Hopkins Center for a Liv-able
Future for an assessment of Baltimore’s Food Environment
[39]. This instrument examines the availability of healthy
options versus less-healthier options over 12 types of
foods, such as skim/low-fat milk (vs whole milk), 100 %
fruit juice (vs juice drinks), lean ground beef (vs regular),
skinless chicken (vs regular), whole grain bread (vs refined
bread), or low-regular cereals, as examples [23]. From
these surveys, we produced a Healthy Food Availability
Index (HFAI) for each food store. There-fore, we looked at
12 food groups: milk, juice, fruits, vegetables, meats,
chicken, seafood, canned goods, frozen foods, packaged
foods, bread and cereals. The HFAI score in this study
could range from 0 to 27.5 points, with a higher score
indicating a greater availability of healthy foods [37].

Physical activity environment

The Systematic Pedestrian and Cycling Environment Scan
(SPACES) [40] is an observational audit of features of the
built environment that can influence walking and cycling
along a street network. We adapted this audit tool
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to the Madrid (M-SPACES) environment and conducted a
validity and reliability study before [41]. For the purposes
of this study, and due to the residual use of bikes in the
area, only walkability measures were considered.

A trained researcher audited all street segments of the
study area (n = 145 segments) by foot. A street segment is
defined as one section of a street that runs between two
intersections. It is often used as the basic observation unit
in neighborhood or community analysis. Items of the M-
SPACES tool are then added up to four domains:
functionality, safety, aesthetics and destinations. These, in
turn, can be added to compute a walkability score for each
street segment (ranging from 0, least walkable, to 1, most
walkable). Main audited characteristics were functionality,
safety, aesthetics and destinations. More details on this
audit tool and its measurements properties have been
published before in Gullon et al. [41], and Bilal et al. [32].

Spatial datasets

Contextual information on the study area was collected
from the Spanish National Mapping Agency and Spanish
National Spatial Data Infrastructure, allowing us to
generate a georeferenced database to integrate and map the
results from the food and physical activity environment
assessment. Administrative boundaries (district and census
sections) and street networks were collected in vector
polygon and line formats, respectively. We also used
orthophotograpy of the study area obtained from the
Orthophotography Air National Plan.

ArcGIS 10.1 software was used to integrate,
standardize and manage these datasets. First, all
information was projected to a common system (ETRS89
UTM 30N). The physical activity environment data
(collected with the M-SPACES tool) was associated with
the street network layer by a relational join. The food
environment data (collected with the abbreviated NEMS -
S tool) was integrated in the system using a point-based
layer with a relational join. All other layers (administrative
boundaries, blocks and orthophotos) were introduced to the
final maps as reference information.

Geospatial analysis

The aim of this study was to integrate data on the physical
activity and food environment in characterizing the urban
environment by using GIS. Figure 2 summarizes our
approach. In summary, we converted line and point data,
linked to physical activity and food respectively, into
surface-based data on the whole study area, as a means of
facilitating integration of both environments into a single
surface. Only after the measures of both environments
were known at pixel level (the minimum spatial unit of the
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index (HFAI) was created with data from direct observation of food stores measured with the Nutrition Environment Measurement Surveys in Stores
(NEMS-S) audit tool. Kernel interpolation of walkability was created with data from direct observation of each street segment measured with the Madrid

2/

newly created surface), a map algebra-based arithmetic
operation to combine both measurements was possible.
Finally, a categorization of the combining results was
applied in order to ease interpretation.

These steps are detailed as follows: first, line data
(walkability index for each street segment) and point data

(healthy food availability index for each food store) was
extended to the whole study area by applying kernel
density estimation (KDE), resulting on a pixel-based
surface. Both walkability and health food availability
indices could have been kept under their original geometric
form, line and point respectively. However, a surface-
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based approach was adopted in order to facilitate future
data integration with additional data. Being most statistics
aggregated under administrative  boundaries, the
integration of line or point-based data presents more
inconveniences than the assumed ones produced by the
extension of the information to the whole surface. In
addition, an eventual proposal of a combined index
including information on green areas reinforced the
surface-based solution.

KDE fits a mathematical surface (composed of pixels)
with a normal distribution over each point based on (a) the
value empirically collected for each point, and (b) the
distance from each location in the surface to all points in
the area within defined radius or bandwidth. Essentially,
the value of each point is smoothed over the study area
producing a density value that will be the highest at the
location of every point, and decaying from there with
distance using a defined bandwidth [42]. KDE is widely
adopted in spatial analysis where input data present
different geometric forms and it is of interest the
integration of such data with other variables collected on
the same territory.

We use de KDE integrated in ArcGis 10.1 software
which employs the quadratic Kernel function of Silver-
man [43]:

f(x)=%+ZK(X;Xi)

where K is the quadratic Kernel function defined
by K(x) = Z (1 — x2),x < 1,“X” is the point at which

density is estimated, “x;” is the value of the variable in the
case “i”, “n” is the number of cases and “h” is the band-
width. The basic idea consists calculated for specific
points, the averaged sum (hence the estimator involves
summing over “n” and then divide by this value) of Kernels
centered on the observations.

This spatial analysis allows weighting each component
by their associated attributes, in our case the HFAI and M-
SPACES scores. For example, if the component has
associated value attribute equal to 3, the case counts as 3
cases. Thus, density value in each pixel of the output image
is calculated summing the values of all overlapping kernel
surfaces. All surfaces were generated with a pixel size of 3
m. We used a bandwidth of 100 m, given that the average
distance from one food store to the closest food store was
around half that length (improving smoothing). A static
bandwidth was used because of the small study area and
the homogeneous population density distribution [42].

The cartographic model presented in Fig. 2 shows the
development of both continuous density surfaces: one from
the food stores layer weighted by the value of HFAI; and
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the other from the street segments layer weighted by the
scores obtained from the M-SPACES audit.

After generating both surfaces, we performed a map
algebra analysis. First, we homogenized data in a range
from 0 to 100, to make them comparable with each other.
The operation adopted for map algebra was a local
unweighted average that computes an average of pixels at
the same location in both the physical activity and food
environment surfaces, treating both environments with
equal weight, generating the synthetic index. To fully
integrate the synthetic index into the geographic con-text
of the area, we assigned each census section an obesogenic
(synthetic index) value. For this, we used zonal analysis
that calculates a single output value for each census section
averaging all pixels that fall within each area. To improve
the interpretability of our results, we categorized census
sections into four classes according to their value in the
synthetic index (high, medium-high, medium-low and
low). For this, we used the Jenks intervals (or natural
breaks) approach that reduce the variance within classes,
while maximizing the variance between them.

Results

Figure 3 shows the calculated KDE surface obtained for the
food and physical activity environment. Regarding the
food environment, the figure shows a concentration of food
sales scored with high HFAI values in the North and South
ends of the study area, with patches of medium-high
density of HFAI distributed throughout the area. Most
stores with high HFAI were quite close to each other and
mostly located along important roads, creating “islands” of
healthy foods. Stores with low HFAI were distributed more
evenly creating “healthy food deserts”. Regarding the
physical activity environment, the surface resulted from the
M-SPACES showed highest values at streets intersections,
on streets with wide side-walks, and in the surroundings of
squares and parks. In consequence, the greater the number
of intersections, the greater the walkability of the area.

The synthetic index surface resulted from averaging the
food and physical activity environment is depicted in Fig.
4. Figure 5 shows the distribution of values of the synthetic
index. This distribution is right skewed, with a median
score of 25.4 (IQR 15.4-36.9) and a mean score of 27.7.
Around 75 % of the area is below 36.8 of the index score
and half of the area below 25.5.

Another result is obtained from zonal analysis, where
we mapped the 12 census sections of the area in Fig. 6 with
single output value for each census section averaging all
pixels that fall within each area. Characterization created
by using natural Jenks grouped the census sections into
four categories about themselves according to the average
score: low (17.7-21.6), medium-low (21.7-30.8),
medium-high (30.9-35.1) and high (35.2-43.8). Four out

56



Cebrecos et al. Int J Health Geogr (2016) 15:35

Page 7 of 13

STREET SEGMENT

Fig. 3 Development of continuous KDE variables from direct observation data. On the left, is depicts the calculating for the food environment starting
with the location of all stores, continues with the Healthy Food Availability Index (HFAI) score for each one, and the next is the KDE surface weighted
by HFAI score. On the right, the development for the physical activity environment. Above the location of all the street segments, continues with
Pedestrian and Cycling Environment Scan (SPACES) score by each one. And in front the KDE weighted by the SPACES

HEALTHY FOOD

HFAI SCORE KERNEL SURFACE

=)=

;& e T
® @

WALKABILITY

SPACES SCORE KERNEL SURFACE

of the 12 census sections are classified as low, 4 medium-—
low, 3 medium-high and 1 as high.

Table 1 shows basic sociodemographic characteristics
of the twelve census sections and the entire study area.
Around 4.2 % of the population live in areas characterized
as “healthy” environments (defined as a “high” synthetic
index), while 41.0 % of the residents live in an area with
the lowest rating. Analysing the results by sex, 40.8 % of
women have lower scores than men (41.3 %). 4.6 % of
women and 3.7 % of men live in a section with high score.
In the case of foreign-born residents, 49.3 % of them live
in the unhealthiest areas and 3.0 % in the healthier. If
results are studied by age, the majority of young people live
in a census section with low score (51.5 %) as well as adult
people (44.4 %) but in the case of elderly people, they live
in a high healthy space (27.7 %). Only the 1.9, 3.5 and 7.0
% of young, adult and elderly people respectively live in a
healthy section.

Discussion

This paper documents the development of an innovative
method to assess the obesogenic environment by using a
synthetic index that integrates continuous measures of both
food and physical activity environments generated by
KDE. The results show a heterogeneous distribution of
obesogenic determinants in the study area. 36.5 % of the
census sections have a low synthetic index value, followed
by medium—low healthy (33.7 %), and medium- hig (22.4
%). Only one census section falls under the category of
high value in the synthetic index, representing only 4 % of
the study area.

This healthy census section is delimited by the main
streets of the neighborhood, where healthiest food stores
were present. Main streets are also designed to be more
walkable and have more intersections. Moreover, while we
did not measure parks, the only park located in the study
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Fig. 4 Continuous synthetic index surface. This surface is the local average of the pixels of walkability KDE and the pixels of food availability KDE.
The size of pixel is 3 x 3 m and the bandwidth selected to the smoothing was 100 meters

4476000

444900

area, was also located within this census section. The
census sections with the lowest synthetic index value were
located in the east of the study area. Food store density is
smaller with 3 corner stores, 1 bakery and 1 small
supermarket, and we found narrow streets residential inter-
block.

In order to understand the obesogenic environment it is
necessary to consider the interrelations between the food

and physical activity environments, as built environment
metrics are correlated with each other [44]. The use of
composite indices reduces collinearity and over-
adjustment, confers ease of interpretation, and may reduce
measurement errors [18]. Besides, integrating different
indicators within an index can detect associations not
previously found [28]. In our case, a systematic
observation of a built environment, using validated tools,
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indicating a healthier environment

provided highly detailed spatial data. This also ensured
variability on measures of both constructs and statistical
power. The use of an extensive sampling strategy to
maximize the variation between environmental factors
reduced the sample sized needed to assess associations
between built environments and obesity outcomes [45].
Previous studies have considered both physical activity and
food environments to characterize environ-mental
obesogenity, but have not obtained a composite score [25,
27, 45]. These urban environment measures have been used
to evaluate their relation with diabetes incidence [46] or
cardiometabolic risk factors [47]. The method described
here considers previously studied variables, such as food
store density, food store type, street intersection density,
parks or street aesthetic, among others. The majority of
these studies used GIS to integrate all information from
diverse sources, mostly from secondary databases. On top
of these, our study adds other variables as availability of
healthy foods captured by NEMS-s or the aesthetic or
safety domains measured by M-SPACES tool, which are
very difficult to assess from secondary administrative
databases.

KDE remains underutilized when compared to
proximity analysis or to analysis over defined statistical
areas [48-51], although the number of examples using
KDE technique to study the obesogenic environment has
increased in recent years [48-51]. KDE overcomes the
limitations of binary definitions present in analysis based
in fixed geographic boundaries (for example, number of
stores per census section). Smooth transitions across
(administratively defined) boundaries represent the reality

of urban environments better [52]. The resulting KDE
surface can then be used as an independent variable on
statistical models [42].

Our study was conducted in the City of Madrid, Spain.
In Spain, the smallest administrative level where data is
publicly available is the census section, composed of
~1500 people. Our study area is made up of 12 census
sections, although the estimation of our synthetic index
creates a smoothed surface over the entire study area,
regardless of census section boundaries. This method is
therefore replicable in other settings where the
administrative spatial hierarchies are different, as long as
data is collected at the appropriate level. This method is
also replicable at larger units, like municipalities or
countries, taking always into account the effort associated
with data collection at any level.

The proposed method has several limitations. First, it
requires primary data collection through systematic
observation, which is a resource and time intensive
process. Thanks to advances in Geographic Information
Technologies, these costs can be drastically reduced, by
using available secondary databases with spatial
information and new geographic remote devices to collect
geocoded primary data [29]. Second, this work has not
considered the relative importance of the two domains with
respect to each other, treating both environments with
equal weight. The controversy regarding the quantification
of the proportion of food or physical activity responsible
for the obesity epidemic is still very much alive [53, 54].
We decided to adopt a local unweighted average, but any
study using this method to estimate the associations
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between obesogenic environment and health outcomes
should consider sensitivity analysis that alter these
weighting decisions.

Conclusion

The proposed synthetic index provides a feasible way to
integrate different measures of physical barriers and
promoters of healthy urban environments. This method
opens new ways to capture inter-relations between physical
activity and health food availability urban environment
domains that did not emerge when they were studied in an

isolated way. Thus, applying this index is a preliminary
step to promote healthier urban environments and bridge
the health inequalities present in large cities like Madrid.

The proposed index, and the cartography associated
with it, may be useful tools to inform future research and
urban health recommendations.
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Table 1 Description of study area population by census section and group. Source: 2011 census data

Census

section 7915024 7915030 7915033 7915034 7915035 7915036 7915037 7915038 7915039 7915112 7915113 7915114 Total

POp(‘f,f)“O” 980 (6.5) 1110 (7.4) 1265 (8.4) 635 (4.2) 1205 (8.0) 540(3.6) 133(8.9) 2145 (14.3) 1980 (13.2) 1680 (11.2) 1480 (9.9) 625 (4.2) 14,980

Women (%) 555(6.5) 600 (7.0) 780 (9.1) 395(4.6) 670(7.8) 320(3.7) 750(8.7) 1210 (14.1) 1135 (13.2) 980 (11.4) 865 (10.1) 315 (3.7) 8575(57.2)

Forei(%/;‘)b"m 130(7.1) 150(8.2) 70(3.8) 65(3.6) 60(3.3) 65(3.6) 125(6.8) 395(21.6) 440 (24.1) 405(22.2) 180(9.9) 55(3.0) 2140 (14.3)

Years<16 (%) 180(13.7) 60 (4.6) 135(10.3) 25(1.9) 130(9.9) 70(5.3) 125(9.5) 230(17.6) 105(8.0) 140(10.7) 40(3.1) 70(5.3) 1310(8.8)
Years>65(%) 180(4.9) 310 (8.5) 435(11.9) 255(7.0) 300(8.2) 160 (4.4) 250(6.9) 350 (9.6) 505(13.9) 230(6.3) 395 (10.8) 275 (7.5) 3645 (24.3)

H 2

Arejo'/”)km 0.05(11.9) 0.04 (9.5) 0.05(11.9) 0.03(7.1) 0.03(7.1) 0.02(4.7) 0.03(7.1) 0.04(9.5) 0.03(7.1) 0.03(7.1) 0.03(7.1) 0.03(7.1) 0.42
0

Pop. density

o 19600 27750 25300  2L167 40167 27,000 44500 53625 66,000 56000 49334 20834 35667
Healthy Medium-  Medium- : Medium-  Medium- Medium- Medium- Medium-

environment Low Low Low High Low Low Low Low Low Low Low Low
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ARTICLE INFO ABSTRACT

Keywords: Deprivation indices constitute a valuable tool for assessing health inequalities. A key issue when analyzing deprivation is the
Modifiable areal unit problem choice of the geographical scale and spatial unit of analysis. Our objective was to evaluate statistical and geographical stability

Socioeconomic factors of an Area Based Deprivation Index (ABDI) computed at different spatial scales and to study their relation with cardiovascular
Cardiovascular disease disease.

Geographic scale The present study has been conducted in the city of Madrid, Spain. Madrid divides its territory in three different

administrative units nested within each other: census section, neighborhoods and districts. For each unit a deprivation index was
calculated through Principal Component Analysis (PCA). The data source was the 2011 national census from where a range of
socioeconomic and demographic indicators were selected. To study statistical and geographical stability of deprivation we used
an Exploratory Spatial Data Analysis and bivariate Local Indicators of Spatial Association analysis. We also conducted Pearson
correlation analyses to study the change in the relationship between deprivation and the prevalence of cardiovascular disease
(CVD) across the three scales.

At census section and neighborhood level, first component showed four and five factors loading higher than 0.6, respectively.
These factors loading related to occupancy/labor market and education. However at district level, first component showed seven
factors loading higher than 0.6 and related to occupancy/labor market, education and immigration. With indicators of these
factors loading, deprivation indices were calculated for each administrative unit by extracting a single PCA axis. Variance
explained for each index was 65%, 86% and 79%, respectively. Bivariate local autocorrelation analyses showed aggregated
areas of low and high stability with variable degree of significance in the three scales. The ABDIs calculated at census section
level, neighborhood level and district level presented different significant correlations with CVD prevalence (r = 0.328; r =
0.635; and r = 0.739 respectively). These results show that the deprivation index did not remain stable across the three scales,
neither were the correlations between deprivation and age-adjusted CVD prevalence.

Understanding the stability of a spatial phenomenon across different scales is essential to determine the best unit of
aggregation of data when studying an important process such as socioeconomic deprivation and its possible health impacts.

1. Introduction phenomenon, although the magnitude and extent may vary between countries

and change overtime (Marmot, 2005; Sir Michael, 2006). In Nova Scotia

Mortality and morbidity increase as the social position of a population (Canada) 35,266 premature deaths over a 11 year-period were studied and

decreases. This progressive and lineal phenomenon was defined by Marmot as concluded that about 40% were attributable to socioeconomic inequalities
social gradient (Marmot, 2005). This is a universal (Saint-Jacques, Dewar, Cui, Parker, &

* Corresponding author. Dpt of Geology, Geography and Environmental Sciences, University of Alcala, Calle Colegios 2, 28801, Alcala de Henares, Madrid, Spain. E-mail
addresses: alba.cebrecos@uah.es (A. Cebrecos), felicitas.dominguez@salud.madrid.org (M.F. Dominguez-Berjon), ignacio.duque.rodriguez@ine.es (1. Duque),
manuel.franco@uah.es (M. Franco), francisco.escobar@uah.es (F. Escobar).

https://doi.org/10.1016/j.apgeog.2018.04.001
Received 22 June 2017; Received in revised form 30 March 2018; Accepted 2 April 2018
0143-6228/ © 2018 Published by Elsevier Ltd.

66


https://doi.org/10.1016/j.apgeog.2018.04.001
http://www.sciencedirect.com/science/journal/01436228
https://www.elsevier.com/locate/apgeog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.apgeog.2018.04.001&domain=pdf
mailto:alba.cebrecos@uah.es
mailto:felicitas.dominguez@salud.madrid.org
mailto:ignacio.duque.rodriguez@ine.es
mailto:manuel.franco@uah.es
mailto:francisco.escobar@uah.es
https://doi.org/10.1016/j.apgeog.2018.04.001

A. Cebrecos et al.

Dummer, 2014). In Europe, researchers studied 26,229,104 European
inhabitants from 16 cities and found that up to 30% of excess deaths were
attributable to socioeconomic disparities (Borrell et al., 2014). In Spain,
mortality excess related to deprivation was 59,445 deaths among men and
23,292 among women (Borrell, Mari-Dell’Olmo, Serral, Martinez-Beneito, &
Gotsens, 2010).

A given area may be socioeconomically deprived as a result of multiple
interrelated factors. Deprived indices were first developed in the U.K (Carstairs
& Morris, 1989; Townsend, 1987) as a multivariate tool which allows to study
the level of deprivation in an area, com-paring deprivation effects across a
variety of geographic regions and as a proxy of individual-level socioeconomic
status (Smith, Hart, Watt, Hole, & Hawthorne, 1998). These indices provide a
synthetic measure of different aspects of deprivation.

In Spain, the project “Socio-economic and environmental inequalities in
mortality in small areas of Spanish cities”, or MEDEA project
(http://www.proyectomedea.org/), describes the geographical patterns of
mortality and their relationship with the socioeconomic and environmental
characteristics. To assess the socioeconomic status of areas in Spain, the
MEDEA team developed an deprivation index based on 2001 national census
(MF. Dominguez-Berjon et al., 2008). Results of this work have been used in
a variety of research areas such as the study of the association between air
pollution, Socio-Economic Status (SES) and health (Barcel6, Saez, & Saurina,
2009; Cambra et al., 2013; Garcia-Pérez et al., 2009; Ramis et al., 2009); health
inequalities and mortality (M. F. Dominguez-Berjon et al., 2010; Gandarillas
et al., 2011; Gotsens et al., 2011; Nolasco et al., 2009; Segura del Pozo et al.,
2010) and deprivation and cancer incidence (Saurina et al., 2010) among others.
In addition to their scientific impact, these results have been used as
complementary information in the prioritization of interventions with an equity
approach, published in the State Health Reports of Madrid Region (Primaria,
2007-2014). These reports are the base-document for public health planning in
Madrid.

Given the dramatic social and economic changes occurred in Spain since
late 2007, a redeveloped deprivation index with 2011 census was necessary.
The general criticism of the deprivation indices focuses on the selection of the
indicators that build the index, however less attention has been given to its
geographical variability, a problem known as the Modifiable Areal Unit
Problem (MAUP) (Schuurman, Bell, Dunn, & Oliver, 2007).

MAURP is an inherent problem of overlapping artificial spatial units (e.g.
administrative areas) over a continuous geographical phenomenon (Openshaw,
1984). That implies a potential measurement error due to the aggregation of
statistical data into these artificial units. Boundaries of these areas are defined
by historical, political or operational reasons. There are not designed to define
homogeneous zones with respect to social, economic or health characteristics
of population. Social, economic or environmental phenomenon which promote
or restrict health risks, are not limited by the boundaries of these artificial units.

The MAUP is composed by two interrelated effects (Openshaw, 1984).
First, the scale effect which is the variation in results that can be obtained when
data for one set of areal units are progressively aggregated into fewer and larger
units of analysis (Openshaw, 1984). As an example, when census data are
aggregated in neighborhoods, districts, and municipalities, results may change
with increasing scale. Second, the zoning effect which refers to the different
configurations of zones of the same size that may generate different results
(Houston, 2014). Another example, when results using a 100-m continuous grid
system differed from results using a 100-m grid system oriented in different
ways (Houston, 2014).

In the international public health research field, there have been pioneering
works that studied the implications of this problem in health research. The
Geocoding project, studied which level of geography would be most apt for
monitoring US socioeconomic inequalities in health, overall and within diverse
racial/ethnic-gender groups (Krieger et al., 2003a; Krieger, Waterman, Chen,
Soobader, & Subramanian,
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Another Canadian study highlighted the effect of scale on indices by mapping
ABDIs at multiple census scales in an urban area and compared self-rated
health data with ABDIs at two census scales (Schuurman et al., 2007).

Selecting the spatial scale involves setting the spatial resolution of the
study, this means, the ability to distinguish objects on the earth surface. On a
larger scale, statistical aggregation of data on smaller surface units (e.g. census
sections) will be required, but these areas contain fewer cases and therefore less
stable rates. By contrast, at smaller scales, aggregation occurs in larger areas
(e.g. districts), blur-ring significant variability and can sometimes lead to
interpretations that are contradictory to those derived from finer-resolution data
(Nelson & Brewer, 2015). Thus, it is necessary to consider that MAUP affects
most statistics and has an impact on variance, standard deviation, correlation,
regression analysis and any other statistical result (Flowerdew, Manley, &
Sabel, 2008).

Any public health phenomenon under analysis is inseparably related to the
scale because the scale provides its meaning. However, Geographic
Information Systems (GIS) have been underused in health studies and wherever
used, limited analyses selecting the relevant scale area have been conducted.
The present study assesses the statistic and geographic (in)stability that arises
when using deprivation data aggregated at different scales when understanding
social determinants of health with a geographical perspective.

The aims of the study are twofold: first, to build an Area Based Deprivation
Index (ABDI) at three different spatial scales (census section, neighborhoods
and districts) for the city of Madrid. Second, to study the statistical and
geographical stability of the ABDI throughout the three scales and its
relationship with cardiovascular disease (CVD) prevalence.

2. Methods
2.1. Study setting and sample

This study is framed within a larger project, the Hearth Healthy Hoods
(https://hhhproject.eu/). The HHH general objective is to understand the urban
physical and social environment of the city of Madrid (Spain) and its relation
with residents cardiovascular health (Bilal et al., 2016; Cebrecos et al., 2016;
Julia; Diez et al., 2016; J Diez et al., 2017; Gullon et al., 2015). The HHH
project includes the socio-demographic characterization of Madrid
administrative spatial units. In this task, HHH researchers collaborate closely
with the MEDEA project, with extensive experience in study of social
deprivation and its association with health in Spain (Barcel6 et al., 2009;
Cambra et al., 2013; MF.; Dominguez-Berjon et al., 2008; Gandarillas et al.,
2011; Garcia-Pérez et al., 2009; Nolasco et al., 2009; Ramis et al., 2009;
Saurina et al., 2010; Segura del Pozo et al., 2010).

Madrid municipality, with an extension of 605 sgkm, consists of 21
districts, which are in turn divided into 128 neighborhoods and in 2409 basic
spatial units called census sections (based on the 2011 Census data of National
Statistical Institute -INE-). Madrid municipality had a total population of
3,186,595 in 2016 (INE, 2016). The administrative configuration of Madrid
began at XII and XIII centuries and increasing its size as the capital of the
Spanish Kingdom during the second half of XVIII century with different
administrative divisions (“cuarteles”, “barrios” and others). It was in the second
half of XIX century, due to important migration flows from rural to urban areas
that appeared for the first time the denomination of “district”. Population
increases and restructuring of administrative division continued with
subsequent urban plans and developments until 1988 with the final and current
number of district and neighborhoods (Prado Martinez, 2004). Ac-cording to
the 2011 census, neighborhood average population is 24,895 (max. 69,300 and
min. 770 inhabitants) and average surface is 4.7 sgkm (max. 187.5 and min.
0.25 sgkm). Districts have an average population of 151,743 inhabitants (max.
246,020 and min. 45,625
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inhabitants) and an average surface of 28.8 sqgkm (max. 237.9 and min.
4.7 sqkm).

Census sections are the smallest administrative unit. These are established
and delimited by operational criteria for fieldwork in statistical operations and
is essentially defined by criteria of population size with a mean population of
approximately 1500 censed residents. Boundaries are easily recognizable by
natural terrain features, permanent buildings or roads. The entire surface of
Spain is divided in these spatial units, and in the case of Madrid Municipality,
these sections are fully embedded within the neighborhood units which in turn
are nested within district units. In Madrid municipality the average census
section has 1323 inhabitants (max. 4510 and min. 100 inhabitants) and a surface
of 0.2 sgkm (max. 94.5 and min. 0.008 sgkm).

2.2. Data sources

The information source to compute the ABDI was the 2011 census
(National Statistical Institute -INE-). Indicators considered for the ABDI
calculation were conditioned by the variables available in the 2011 census and
also by a criterion of homogeneity with the indicators considered in the index
calculated in 2001 by the MEDEA project (MF. Dominguez-Berjon et al.,
2008). These criteria facilitate the comparison of deprivation measures in
different periods, although this is not the purpose of this study.

Cardiovascular health data are collected, managed and anonymized by the
Primary Health Care System of Madrid using the Electronic Health Records as
the main source (Bilal et al., 2016). This database includes information on
cardiovascular health and risk factors (tobacco use, obesity, hypertension,
diabetes mellitus, dyslipidemia) and socio-demographic variables (age, sex) of
1,446,994 Madrid residents (ages of 45—70) for the year 2014. Appropriate
anonymization process was conducted by removing all personally identifiable
information (address, name, identifiers).

Cartographic information about the study area was collected from the
Spanish National Mapping Agency (http://www.ign.es) and Spanish National
Spatial Data Infrastructure (http://www.idee.es/), allowing to generate a
georeferenced database to integrate and map the results. Administrative
boundaries (census section, neighborhoods and districts) were obtained in
vector polygon format. ArcGIS 10.1 software was used to integrate,
standardize, manage and visualize these datasets. All spatial information was
projected to a common system (ETRS89 UTM 30N). Contextual layers were
introduced to the final maps as reference information.

2.3. Indicators contemplated for possible inclusion in the index

As a result of the bibliographic review and the data available from the 2011
census, twelve indicators were initially selected (Table 1). Indicators were
separated into two large groups: socioeconomic and demographic,
differentiating the former into 3 types, depending on whether they were related
to occupation, labor market and education level. Percentages of the 12
indicators were calculated in the three spatial scales considered.

Occupation types expose workers to different occupational hazards leading
to different psychosocial individual processes as stress, control and autonomy
(Galobardes, Shaw, Lawlor, Lynch, & Davey Smith, 2006). In addition,
occupation type is usually correlated to income and therefore is one of the
measures commonly used to obtain social class. The fact of belonging to a
disadvantaged social class places families in circumstances of limited access to
material and social resources. The chosen indicator (manual workers) is based
on the British classification of social class that classified the occupations
according to the level of education or learning and that was adapted for Spain
(Domingo Salvany Marcos Alonso, 1989; Sociedad Espafiola de
Epidemiologia (SEE) and SemFYC (2000). The categories can be reduced to 2
large groups: manual and non-manual occupations.
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Unemployment reflects the lack of income and material resources and is a
marker of both material and social deprivation (Campbell, Radford, & Burton,
1991). In addition, there are now increasingly frequent forms of
underemployment or precarious employment that share common
characteristics with unemployment.

Education level is an indicator of material deprivation and is a strong
determinant of employment (or at least the first job) and income (MF
Dominguez-Berjon, Borrell, Benach, & Pasarin, 2001; Galobardes et al., 2006).
It is also an indicator of social deprivation, because through education skills are
acquired to meet social demands or resolve potentially stressful situations.

The initial selection of demographic indicators aimed to identify the
population groups with a disadvantaged socio-economic situation. This
selection includes indirect indicators as none of them implies deprivation by
itself in a single fashion (Thunhurst, 1985). Initially selected indicators refered
to aging, people foreign born in low-income countries and to single-parent
households.

2.4. Analysis

2.4.1. Area Based Deprivation Index (ABDI)

Based on the MEDEA project method to calculate the 2001 ABDI (MF.
Dominguez-Berjon et al., 2008) a new index was calculated using the 2011
census data. IBM SPSS software was adopted for the statistical analysis.
Previously to the analysis, z-scores for each of the indicators were calculated.

As a first step, a correlation analysis was performed to check for covariance
between variables. We found covariance between the indicators of manual
workers, temporary employees and foreigners born. Three indicators were
eliminated to overcome the problem of covariance (Manual workers = 16 years
old among the employed, temporary employees = 16 years old among the
occupied; and born in low income countries). Finally, nine indicators were
considered for the calculation of the new ABDI. ABDI was calculated by a
Principal Component Analysis (PCA) with extraction of eigenvalues greater
than or equal to one. That assumes the extraction of different components that
are capable of explaining an amount of total variance greater than or equal to
1. The interpretation of the factors was performed on the varimax rotation.
From this first analysis were selected the indicators with factors loading higher
than 0.6 in the first component. Finally, the ABDI was constructed by
aggregation of these indicators with the extraction of a single axis of PCA.

2.4.2. Statistic and geographic stability study

In order to study statistic and geographic stability of ABDI across three
scales, we adopted an Exploratory Spatial Data Analysis (ESDA) approach.
ESDA extends the definition of Exploratory Data Analysis (EDA) to spatial
data increasing the set of visual tools, as choropleth maps; and the set of
numerical as spatial cluster detection statistics (Fischer & Nijkamp, 2014).
Visual analytics is an emerging inter-disciplinary and sensemaking approach to
exploring, analyzing, communicating, and generating hypotheses from large,
complex, and heterogeneous data (Nelson & Brewer, 2015). This is one of
ESDA advantages, allows to generate new hypotheses from a large volume of
data instead of validating them a priori.

A classic non-spatial analytical approach assumes that variables are
independent of the region where they occur. This assumption directly conflicts
with the first law of the Geography “everything is related to everything else, but
near things are more related than distant things” (Tobler, 1970). The law
expresses spatial dependency process or spatial autocorrelation. Spatial
autocorrelation not only affects statistical analysis of social phenomena, it also
takes into account the influence that observation units have among themselves.

Thus, election of ESDA techniques is the best option to evaluate the MAUP

allowing for visualization and estimation of spatial auto-correlation. Spatial
statistics can take a global or local form. Spatial statistics abstracts complex
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Operational definitions for area-based socioeconomic indicators of the 2011 census included in the construction of the area based deprivation index.

Indicator

Operational definition

Socioeconomic group  Manual workers 216 years old among the employed

Manual workers 216 years old among the employed or
unemployed who have worked before

Unemployment 216 years old

Temporary employees > 16 years old among the occupied
Temporary employees 216 years old among the occupied or
unemployed who have worked before

Insufficient instruction 216 years old

Insufficient instruction 16—29 years old

Demographic group Aging

Born in low income countries

Born in low income countries arriving in Spain after 2006

Born in low income countries or born in Spain whose father or
mother was born in low income countries
Population in single-parent households

Percentage of people aged 16 years or over employed in sectors services, agriculture,
fishing, craftwork, skilled workers in manufacturing industries, construction, mining,
installations operators, and non-skilled workers; with respect to the total employed
population aged 16 years or over

Percentage of people aged 16 years or over, employed or unemployed who have worked
before as manual workers (employed in sectors: services, agriculture, fishing, craftwork,
skilled workers in manufacturing industries, construction, mining, installations
operators, and non-skilled workers) with respect to the total employed population aged
16 years or over

Percentage of people aged 16 years or over without a job (unemployed and those seeking
work for the first time), with respect to the total economically active population
Percentage of people aged 16 or older occupied as eventual employees.

Percentage of people aged 16 or older occupied or unemployed who have worked before
as eventual employees.

Percentage of people aged 16 years and over who, according to a list of the National
Statistics Institute, cannot read or write; can read and write but have less than 5 years
schooling; went to school for 5 years or more but did not complete basic compulsory
education, with respect to the total population aged 16 years and over.

Percentage of people aged between 16 and 29 years with low educational level, with
respect to the total population aged from 16 to 29 years.

Percentage of population aged 65 or older respect to the total population.

Percentage of population born in countries other than the following: Spain, Austria,
Belgium, Cyprus, Denmark, Finland, France, Germany, Greece, Ireland, Iceland, Italy,
Liechtenstein, Luxembourg, Malta, Monaco, Netherlands, Norway, Portugal, Andorra,
Germany, San Marino, Vatican City, Sweden, Switzerland, Canada, United States of
America, Japan, Australia and New Zealand; respect to the total population

Percentage of population born in countries other than the following: Spain, Austria,
Belgium, Cyprus, Denmark, Finland, France, Germany, Greece, Ireland, Iceland, Italy,
Liechtenstein, Luxembourg, Malta, Monaco, Netherlands, Norway, Portugal, Andorra,
Germany, San Marino, Vatican City, Sweden, Switzerland, Canada, United States of
America, Japan, Australia and New Zealand, and who arrived in Spain between 2007
and 2011; respect to the total population.

Percentage of population born or with their father or mother born in countries other than
listed above, respect to the total population.

Population in households with a single-father who lives at least, with a child <25 years.

and multivariate spatial, temporal, and scalar relationships into a single numeric
statistic, such as Moran's Index of spatial autocorrelation (Moran, 1950). Local
spatial statistics allow the decomposition of global indicators into the
contribution of each individual observation (Anselin, 1995). They produce a
surface of geographically weighted values, which capture local variability, but
often require a cartographic approach to make sense of the result. In this work,
we conducted a bivariate Local Indicators of Spatial Association (or bivariate
LISA). Spatial analyses were run using Geoda Software (GeoDa Center for
Geospatial Analysis, Chicago, lllinois).

Before conducting bivariate analysis, it was necessary to process data
through a spatial union. This technique allows to join the attributes of one entity
with the attributes of another based on the spatial relationship existing between
them. In these analyses, each census section received index values of the
neighborhood and district in which census section is spatially nested. The
administrative units selected foster a more direct MAUP assessment due to
clean nesting relationship between the three aggregate levels. Once the data
processing was finished, bivariate LISA analyses were conducted. The analyses
allow to locate areas or clusters where the indexes were stable or unstable
throughout the three scales. Unlike the classical LISA analysis individually
identifying statistically significant correlation clusters for one variable;
bivariate analyses study the correlation between two different variables (Lee,
2017).

The type of cluster obtained by the bivariate LISA analyses might be:

Positive autocorrelation: Cluster High-High (HH) or Low-Low (LL). A HH-
cluster represents census sections with an above-average value of ABDI,
surrounded significantly by sections with values of ABDI calculated at
neighborhood level or at district level; above their average. The LL-cluster
represents the opposite case. These clusters indicate stability throughout the
three scales.
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Negative autocorrelation: Cluster High-Low (HL) or Low-High (LH). A
HL-cluster represents census sections with an above-average value of ABDI,
surrounded significantly by sections with values of ABDI calculated at
neighborhood level or at district level; below their average. The LL-cluster
represents the opposite case. These clusters indicate in-stability throughout the
three scales.

This analysis allowed to know how ABDI values are correlated on a given
scale with the ABDI values of a different scale (census versus neighborhood
section, census versus district and neighborhood vs. district section). To study
the stability of ABDI across the 3 scales the definition of contiguous
neighborhood of first order queen was used as spatial weight matrix.

Finally, to corroborate the pattern of socioeconomic deprivation may be
different at different scales, we studied its correlation with the prevalence of
CVD in the whole municipality of Madrid. To do this, we calculated age-
adjusted rates of CVD prevalence for the three aggregation scales (census
section, neighborhood and district).

3. Results

As a result of our first aim, we built an Area Based Deprivation Index
(ABDI) at three different spatial scales (census section, neighborhoods and
districts) for the city of Madrid. The PCA analysis for the three scales, we found
different factors loading greater than 0.6 in the first component for each scale.
At census section and neighborhood level, first component showed four and
five factors loading higher than 0.6, respectively. These factors loading were
related to occupancy/labor market and education. However, at district level,
first component showed seven factors loading higher than 0.6 and were related
with occupancy/labor market, education and immigration. Table 2 shows the
factors loading that finally was combined to calculate the ABDI
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Table 2
Factors loading obtained by principal component extraction from a single axis for selected
indicators at each scale and variability explained.

Census Neighborhood District
section
Manual workers 0,882 0957 0,969
Unemployment 0,785 0948 0,958
Eventual employees 0,741 0908 0,952
Insufficient instruction 0,814 0963 0,924
Young insufficient instruction - 0,853 0906
Recent foreigners born in low income - - 0,657
country
Foreigners whose father or mother born - - 0,832
in low income country
Variability explained (%) 65.2 85.9 79.4

extracting a single PCA axis. Variance explained for each index was 65%, 86%
and 79% respectively.

On the left, Fig. 1 shows the distribution of the ABDI calculated on the
three scales. On the right, the distribution of age-adjusted rates of CVD
prevalence is shown. In both cases, the fifth quintile represents a more
unfavorable socioeconomic situation and a highest adjusted rates of prevalence
of cardiovascular disease. For both variables there is a greater variability at the
census section level, while increasing the scale, there is a smoothing of the
results. Therefore, a possible north-south pattern is more clearly seen in both
cases (more clearly in the pre-valence of disease) at the neighborhood and
district level.

The average values of indicators that compose index and age-adjusted rates
of cardiovascular prevalence in each of the quintiles of the index are presented
in Table 3. Fifth quintile (Q5) represents the most disadvantaged areas. For all
scales, the percentages of CVD rates adjusted for age are greater as deprivation
increases.

To unravel what relationships there are between the deprivation indices
across the scales, how stable is the relationship and how the geographical
distribution is, Fig. 2 was developed. The figure is the cartographic
representation of bivariate analysis result. GeoDA soft-ware provides results of
spatial autocorrelation and significance in in-dependent maps for each one of
them, which limits the interpretation of spatial autocorrelation and significance
in the context of space simultaneously. Thus, this new cartography was
developed. The choropleth bivariate mapping showed in Fig. 2 integrates
spatial auto-correlation and level of significance across-scales of analysis to
facilitate visual analysis of ABDI stability.

Fig. 2a shows the results of comparing the ABDI calculated at the census
section level against the ABDI at the neighborhood level. Fig. 2b presents the
results of comparing the ABDI calculated at the census section level against the
ABDI at the district level. Fig. 2c shows the results of comparing the ABDI
calculated at the neighborhood level against the ABDI at the district level.

Color symbology shows grade of stability or instability obtained by the
Local Moran Index analysis. Color pink represents instability (negative spatial
autocorrelation). Let's take as an example Fig. 2b; the pink areas in the southern
of the study area showed significant in-stability between the ABDI calculated
at the census tract level and the ABDI calculated at the district level. These
were clusters of type HL or LH, which represent areas in which the ABDI at
the level of the census section presented high values surrounded by low values
of ABDI calculated at the neighborhood level, and vice versa. On the other
hand, the blue color represents the stability of the indexes through the scales
(or the positive spatial autocorrelation). Following the example in Fig. 2b, the
predominant blue colors in the central area of the municipality represent
stability through the census and district section escalations. That is, they were
HH or LL clusters, where high values of the ABDI at the census section level
were surrounded by high ABDI values at the neighborhood level. Gray colors
represent values of Local Moran Index close to zero, which implies low
clustering or randomization.
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Color tones inform about the signification level, dark colors imply high
signification while light colors imply low signification.

Fig. 2c presents the largest number of unstable areas (a total of 270 census
sections), but is the analysis of Fig. 2b which presents the largest number of
unstable areas with the greatest significance (90 pink census sections with a
level of significance less than 0.05 in Fig. 2c against 144 census sections in Fig.
2b). The greatest stability (blue colors) encompasses 1850 census section in the
relationship between neighbor-hood and its next scale of aggregation (Fig. 2c¢)
of which 1084 have a significance less than or equal to 0.01. Fig. 2a shows the
higher random results found; 1126 census section with little or none
autocorrelation, or with a random spatial distribution.

Secondly, we aimed to study the statistical and geographical stability of the
ABDI throughout the three scales and its relationship with cardiovascular
disease (CVD) prevalence.

The correlation analysis between the ABDI calculated at different scales
(and the indicators that compose it) and the age-adjusted rates of the prevalence
of CVD are presented in Table 4. The ABDI presented a significant correlation
for all scales of CVD being greater as we increase the administrative unit. The
indicators that make up the index in each scale were also significantly
correlated, with the exception of immigration indicators at the district level. At
the census section level, the indicator with the highest correlation was manual
workers (r = 0.341; < 0.01) as well as at the neighborhood level (r = 0.677, p <
0.01). At the district level, the indicator that presented the highest correlation
with the prevalence of CVD was the indicator young insufficient instruction (r
=0.865, p <0.01).

4. Discussion

The general aim of this study was to highlight the implications of unit of
analysis and scale choice when using spatially deprivation aggregated data in
urban health research. We found that for different administrative spatial units,
deprivation index yielded different results and different correlations with the
prevalence of CVD. These results add to the already published evidence
warnings about the need to examine the effects of varying the geographic extent
when calculating measures and associations between urban contextual
environment and health outcomes (Hanigan, Cochrane, & Davey, 2017,
Houston, 2014; Rey, Jougla, Fouillet, & Hémon, 2009). These findings have
clear implications for the effective targeting of resources and public health
interventions.

Our results showed that by varying the geographical unit in the ABDI
calculation, the indicators that make up the ABDI also varied. At the census
section and at neighborhood level indicators of the ABDI were related to
occupancy/labor market and education domains. But at district level, two
indicators related with immigration obtained factors loading greater than 0.6 in
the first component. This could indicate that immigration is a social
phenomenon not limited locally in a city as densely populated as Madrid; but
it extends across a wider territory. Therefore, it becomes a statistically
significant component for socio-economic deprivation when studying in a
larger observation unit such as district.

These results add to the evidence that social phenomena have multiscale
characteristics. Root (2012) found that poverty showed a stronger effect at
smaller scales and unemployment at larger scales in relation with cleft palate
(Root, 2012). It makes some sense that un-employment rate might influence at
a higher level of geography be-cause high unemployment tends to depress the
economy in much larger areas (e.g., a whole city), whereas poverty is often
localized, existing in “pockets” around a city (Root, 2012). Johnston et al.
(2016) concluded that segregation in Australia was greater in macro- and
micro-scales than in intermediate scales and it varies in its intensity (Johnston,
Forrest, Jones, & Manley, 2016). At different spatial scales and/or aggregation
level yields different patterns and degrees of spatial auto-correlation that will
impact on the results of any statistical analysis.
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Fig. 1. Area-Based Deprivation Index (ABDI), on the left panels, by quintiles in Madrid Municipality at a) the census section scale, b) the neighborhood scale and c) the district scale.
Age-adjusted rates of Cardiovascular disease (CVD) prevalence, on right side, at f) the census section scale, g) the neighborhood scale and g) the district scale.
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In the statistical study and geographical stability of this work, it is observed
how the ABDI did not remain stable throughout the three administrative units.
These results were corroborated with the correlation analysis between
socioeconomic deprivation and the prevalence of CVD. All the correlations
were positive and statistically significant (p < 0.01) across the three scales. This
association being strongest when the unit of geographical analysis increased: r
= 0.328 at census section level, r = 0.635 at neighborhood level and r = 0.739
at district level. In general, any more disadvantaged geographical unit had a
greater correlation with the prevalence of CVD.

It can be seen from Fig. 1 the variation captured at census section level in
higher that at neighborhood or district level. Some of this variance increases
undoubtedly due to “noise” introduced by random events that are more
influential on rate calculations where the under-lying population denominators
are small (Hanigan et al., 2017). An-other important factor, from the
perspective of statistical modeling, is the loss of statistical power associated
with a smaller number of spatial units for inclusion in the analysis at district
level (N = 21). Thus, de-spite the presence of added variance at census section
scale, we con-sider it is a “truer” representation of the exposure measures with
a larger number of sampling units providing a better overall representation of
the available data.

While the Modifiable Areal Unit Problem (MAUP) is an old friend of
geosciences it has been also identified as a methodological challenge in social
epidemiology. Diez Roux, already posed in 2001 that the size and definition of
the relevant geographic area may vary according to the processes through
which the area effect is hypothesized to operate and the outcome being studied
(Diez Roux, 2001). In the current study we showed how it is possible to use a
bivariate autocorrelation analysis to explore how is correlated a socioeconomic
deprivation index with the deprivation values closer at a different scale. Along
with visualization, this approach has allowed us to characterize the
relationships between MAUP and the spatial scale.

Obviously, our aim was not to solve the MAUP, but rather to emphasize
the need to analyze associated and underlying phenomena of data aggregated
in area units. For that, we developed a straightforward and easily replicable
ABDI in any given country and study its stability across scales. The
phenomenon of socioeconomic deprivation was chosen because it is a universal
phenomenon, a challenge for public health policies and usually is evaluated
through based at spatially aggregated data. In addition, we assessed the
changes. In addition, we

Table 3
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evaluated the changes suffered by socioeconomic deprivation when it is
calculating at different spatial units; as well as the changes that occur in their
relationship with CVD. The rates adjusted for age of CVD pre-valence were
calculated from data from the Primary Health Care System of 1,446,994
residents of Madrid. This study is unique in Spain and provides new relevant
knowledge when taking into account variations in health outcomes using
aggregate data at the area level.

However, our study is not without limitations. The data source for
calculating ABDI is the national census which is collected every 10 years. This
implies a large time lag that makes it difficult to update the data for longitudinal
or cross-sectional studies throughout the decade. Besides, the information may
not be comprehensive enough to reflect all aspects of interest, such as selected
social deprivation indicators. Another limitation is the correlation analysis
carried out between socioeconomic deprivation and the prevalence of CVD
does not allow to infer the causality between the variables. However, this
correlational investigation allows to corroborate the changes of relationship
between socioeconomic deprivation and the prevalence of CVD due to the
choice of the scale of analysis.

This research results may inform policy decisions regarding health
surveillance and public health interventions by taking into account the impact
of the aggregation scale on the association between socio-economic
disadvantage and health outcomes. Based on these results, our recommendation
is that the descriptive analysis and notification should be carried out at the
neighborhood or district level, since these spatial units are the ones best
capturing the wide distribution of disease. However, for explanatory or
inferential studies, it may be necessary to drill down to census section level to
delineate those areas for specific focus, both for understanding the likely
exposures or for targeting re-sources for intervention. In the case of Madrid,
within the HHH study, we closely collaborate with the regional and local
primary health care and public health administrations assuring these knowledge
may be translated into local policy decisions.

5. Conclusion

The choice of the spatial scale of analysis is key for epidemiological studies
to understand the associations between the urban context and health. From the
results of this study it can be concluded that the scale of analysis influences the
understanding of the geographical patterns of socio-economic disadvantage,
specifically in relation cardiovascular

Average Area-Based Deprivation Index indicators values and age-adjusted rates of cardiovascular prevalence per quintiles. Q5 represents the most disadvantaged areas.

% Manual % Unemployment % Eventual % Insufficient % Young insufficient % Recent % Foreigners % CVD
Workers employees instruction instruction foreigners parents rates
Census section Q1 19.4 134 124 8.0 - - - 34
Q2 295 17.5 18.0 13.7 - - - 3.6
Q3 408 20.5 21.6 19.3 - - - 31
Q4 53.6 24.6 24.8 26.1 - - - 4.0
Q5 67.8 324 32.6 33.2 - - - 4.6
Neighborhood Q1 201 14.8 12.0 7.3 4.3 - - 35
Q2 271 17.0 16.8 11.6 5.4 - - 3.6
Q3 373 20.4 21.3 16.8 6.7 - - 3.8
Q4 48.6 235 23.6 235 11.0 - - 4.0
Q5 60.8 29.0 28.1 30.6 16.2 - - 4.7
District Q1 26.6 16.6 16.0 11.9 5.6 31 13.1 37
Q2 298 18.3 18.6 13.9 5.7 3.2 14.9 35
Q3 426 223 20.8 20.5 9.7 29 16.4 4.1
Q4 433 224 22.7 19.4 9.6 4.6 226 39
Q5 584 27.2 26.9 275 14.6 4.8 24.0 4.6
15
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BIVARIATE LISA ANALYSIS OF ABDI

Significance

a) Census section vs Neighborhood
b) Census section vs District
¢) Neighborhod vs District

(p-value)

0.05

0.01

(stability)
Local Moran
Index

Fig. 2. Bivariate analysis of Local Indicator of Spatial Association (bivariate LISA) of the relationship of the Area Based Deprivation Indices (ABDIs) calculated throughout the three
scales. The legend depicts the local indicator value against significance (p-value) for relationship between a) census section and neighborhood, b) census section and district, and c)

neighborhood and district.

health. The correlations between deprivation and CVD at the three study scales
were positive and significant, being greater as the size of the spatial unit
increased. Deprivation and adjusted rates of CVD pre-valence showed greater
variability at the census section level than when they were added at the district
level. It is because the aggregation to a larger geographical unit softens the
variation located within the district. It is warranted to take into account the
implications of these results when developing interventions or allocating funds
for the fight against social inequalities in health.

16

Deprivation indices are a valuable tool for assessing socio-demographic
and health inequalities in our cities. A strong theoretical framework is
warranted to help researchers choosing the geographical scale best representing
the pathways acting between specific social determinants and health outcomes.
If there is uncertainty about the best scale, several geographic scales and
explicit hypotheses shall be explored.
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Table 4

Results of the Pearson correlation between the deprivation index calculated for the three
administrative units (and the indicators that build them) with the age-adjusted rates of
cardiovascular disease prevalence.

Census section Neighborhood District
(N =2409) (N =128) (N=21)
% Manual Workers 0.341** 0.677** 0.837**
% Unemployment 0.215** 0.586** 0.788**
% Eventual employees 0.186** 0.493** 0.599**
% Insufficient 0.305** 0.604** 0.783**
instruction
% Young insufficient 0.190** 0.582** 0.865**
instruction
% Recent foreigners 0.042* 0.101 0.209
% Foreigners parents 0.085** 0.205* 0.398
ABDI 0.328** 0.635** 0.739**

*p value < 0.05.
**p value < 0.01.
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ARTICLEINFO ABSTRACT

Previous studies have examined the built environment mostly focusing on a single exposure construct (e.g. walkability) to
examine its association with health outcomes. This study developed a multicomponent Heart Healthy Hoods Index to
characterize heart-healthy urban environments and examined its relationship with the prevalence of cardiovascular disease
(CVD) in Madrid, Spain. Using spatial methods, we generated two index models (model 0 unweighted and model 1 weighted)
using the percentage of deaths for the main behavioral risk factors for CVD (diet, physical activity, alcohol, and tobacco
environments). We performed global (Ordinal Least Square) and local (Geographically Weighed Regression) regression
analyses to assess the relationship between both index models and CVD prevalence, and to identify the best index model. In the
global analysis, both models showed a significant negative relationship with CVD prevalence. In the local analysis, Model 1
removed the spatial autocorrelation of residuals and showed the lowest values for the Akaike information criterion. This study
provides evidence of a non-stationary relationship between the heart-healthy urban environment and CVD prevalence. The HHH
index may be an effective tool to identify and prioritize geographical areas for CVD prevention.
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1. Introduction index, among others) with behaviors related to physical activity (McCormack

and Shiell, 2011). Therefore, the heterogeneity of these studies highlights the

Previous studies have generally characterized the built environment
narrowly (i.e., a single construct of exposure) examining its association with
behavioral risk factors and health outcomes (Lee et al., 2015; Lytle and Sokol,
2017; McCormack and Shiell, 2011; Popova et al., 2009). For instance, a recent
systematic review described how the food environment impacts health-related
outcomes, particularly obesity risk (Lytle and Sokol, 2017). Other studies have
explored the associations between availability and accessibility of alcohol or
tobacco outlets with drinking and tobacco behaviors, respectively (Lee et al.,
2015; Popova et al., 2009). Moreover, another systematic review summarized
the evidence from studies linking aspects of the built environment (i.e., street
connectivity, land use mix, residential density, sidewalks or walkability

challenges inherent to measuring the built environment (Glass and McAtee,
2006).

Although the evidence on integrated measures of the built environment is
increasing, this evidence mostly focuses on physical activity or food
environments measures, and their relationship with overweight or obesity
(DeWeese et al., 2018; Hobbs et al., 2018; Nau et al., 2015). However, recent
studies have found spatial associations between built environment domains,
socioeconomic status or deprivation, and health behaviors (D’Angelo et al.,
2015; Schneider and Gruber, 2013; Shortt et al., 2015). These studies call
attention to a new research area combining multidimensional measures of the
health-related built environment. For example, a study in Germany found that

Correspondence to: Dpt of Surgery and Medical Sciences, University of Alcala, School of Medicine, Campus Universitario - C/ 19, Av. de Madrid, Km 33,600, Alcala de Henares,

28871 Madrid, Spain.

E-mail addresses: alba.cebrecos@uah.es (A. Cebrecos), francisco.escobar@uah.es (F. Escobar), Luisa.Borrell@sph.cuny.edu (L.N. Borrell), julia.diez@uah.es
(J. Diez), pedro.gullon@edu.uah.es (P. Gullén), francisca.sureda@uah.es (X. Sureda), olivier.klein@liser.lu (O. Klein), manuel.franco@uah.es (M. Franco).

https://doi.org/10.1016/j.healthplace.2018.11.010

Received 9 July 2018; Received in revised form 16 November 2018; Accepted 28 November 2018

Available online 11 December 2018
1353-8292/ © 2018 Elsevier Ltd. All rights reserved.

79


https://doi.org/10.1016/j.healthplace.2018.11.010
http://www.sciencedirect.com/science/journal/13538292
https://www.elsevier.com/locate/healthplace
mailto:alba.cebrecos@uah.es
mailto:francisco.escobar@uah.es
mailto:Luisa.Borrell@sph.cuny.edu
mailto:julia.diez@uah.es
mailto:julia.diez@uah.es
mailto:pedro.gullon@edu.uah.es
mailto:francisca.sureda@uah.es
mailto:olivier.klein@liser.lu
mailto:manuel.franco@uah.es
https://doi.org/10.1016/j.healthplace.2018.11.010

A. Cebrecos et al.

tobacco, alcohol and fast food outlets were more likely to be clustered in low-
income neighborhoods (Schneider and Gruber, 2013). This study concluded
that obesogenic and addictive environments may have a contextual influence
on an individual's lifestyle and contribute to health risks. Similarly, a study in
Glasgow, Scotland, showed that besides clusters of alcohol, tobacco, and fast
food, gambling outlets were also found in the most deprived neighborhoods
(Macdonald et al., 2018).

To address these challenges, the current work focuses on the intertwined
nature of the multidimensional features of the health-related built environment.
These environmental features do not act in isolation, but rather are the result of
social forces affecting neighborhoods (Guthman, 2013). Although most
research focuses on a single exposure construct, some authors have used a
multidimensional approach. Examples of studies considering multiple factors
found a significant association between these integrated measures and health-
related, but not between a component of the measure and health outcomes
(Kelly-Schwartz et al., 2004; Meyer et al., 2015; Wall et al., 2012). For in-
stance, Hobbs et al. (2018) have assessed the obesogenic environment and
documented interactions between the food and the physical environments
(Hobbs et al., 2018). Saelens et al. (2012) found a significant association of
physical activity and food environments combined only with obesity,
suggesting that neighborhood characteristics may work together to build
obesogenic environments (Saelens et al., 2012). Thus, it is imperative to
integrate the different domains that constitute the urban (D’Angelo et al., 2015;
Green et al., 2018; Guthman, 2013; Meyer et al., 2015).

In this context, the Heart Healthy Hoods (HHH) project (https://
hhhproject.eu/) has examined how the urban environment relates to residents’
cardiovascular health in Madrid (Spain) (Bilal et al., 2016; Franco et al., 2015).
Specifically, the HHH project has examined the food (Bilal et al., 2018), the
physical activity (Gullén et al., 2017) the alcohol (Sureda et al., 2017) (ref), and
the tobacco environment (Valiente et al., 2018) separately. Thus, the aim of this
study is twofold: first, to develop the HHH index, a multi-component index
integrating the characteristics of heart-healthy urban environments (food,
physical activity, tobacco, and alcohol) for small areas using Geographic In-
formation Systems (GIS); and second, to examine the association of the index
with the prevalence of cardiovascular diseases (CVD) at the area-level.

2. Methods
2.1. Study area

Madrid municipality is the capital city of Spain, located in the central area
of the country with a population of 3165,235 inhabitants (INE, 2017). The city
of Madrid is administratively divided into 21 districts further divided into 128
neighborhoods and 2415 census sections in 2014. The census section is the
smallest administrative area for which population count data are available in
Spain. An average census section comprises 1311 residents (ranging from 583
to 3865 residents) and a surface of 0.2 km? (ranging from 0.007 to 94.7 kmz).
For analytical purposes, the unit of analysis was at the census section area-level.

2.2. Heart-healthy urban environmental data

The methodology used in this work is based on a previous pilot study
(Cebrecos et al., 2016). Briefly, for the pilot study, we developed a synthetic
index to characterize the obesogenic environment integrating measures of food
and physical activity environments using twelve census sections of Madrid. For
the current study, our aim was to characterize the cardiovascular environment
for the city of Madrid, and thus, to consider of four environments shown to
affect CVD risk (food, physical activity, alcohol, and tobacco). The geocoding
of the spatial data and the whole development process of the index was
developed using ArcGIS 10.1 software (ESRI, Redlands, California).
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This section describes the indicators and secondary data sources used to
create our index. All the data, except the walkability measure (collected at the
census section level), were obtained in point format. Below we describe our
indicators and data related to our framework for four domains of heart-healthy
urban environments: food, physical activity, alcohol, and tobacco (Bilal et al.,
2016).

2.2.1. Food environment data

To characterize the retail food environment, we obtained a city-wide retail
spaces census from the Department of Statistics of Madrid City Council (Censo
de Locales y Actividades). This database is publicly available and curated by
the local government for licensing purposes including data on economic
activities of all occupied commercial spaces. It includes outlet name, a
classification of the outlet type, and locational information (latitude and
longitude, along with the business address). This database is updated annually
and includes for every commercial space, its registered economic activity based
on the National Classification of Economic Activities 2009 coding system. This
coding system, similar to the North American Industry Classification System,
is the standard used to classify business establishments by Spanish statistical
agencies.

Using these data, and consistent with previous research (Diez et al., 2016;
Lake et al., 2010), we classified food stores into: 1) supermarkets (including
discounters); 2) small grocery stores; 3) convenience stores; and 4) specialized
stores (including fruit and vegetable stores, fish-mongers, butchers, and
bakeries). Each of these store types were weighted according to their healthy
food availability. For instance, fruits and vegetables stores (and other
specialized stores such as fish-mongers) were considered the healthiest stores
because they carry healthy products and lack processed and ultra-processed
food (Bilal et al., 2016; Diez et al., 2016). Small grocery and convenience stores
were considered the least healthy store types. We geocoded a total of 7771 food
outlets and weighted each type according to their avail-ability of healthy food.
We used this weighting for the Kernel Density Estimation (KDE) of the food
environment when developing the HHH index.

2.2.2. Physical activity environment data

We used a composite walkability index developed by the research team for
the city of Madrid. Further details of how this index was developed have been
published elsewhere (Gullon et al., 2017). Briefly, this index includes
residential density (occupied dwellings/ km2), population density (residents/
km2), retail destinations (retail and services destinations/ km2) and street
connectivity (Kernel density in 3 m x 3 m pixels of the density of street
intersections). All four indicators were equally weighted in the walkability
index ranging from -13.2 to 7.61 and higher values indicating more walkable
census sections. We used this weighting for the KDE to score the physical
activity environment in the HHH index. Data came from different secondary
databases, such as the Spanish Census (that includes data on occupied
dwellings), the Padron (population density data), the retail spaces census (retail
and commercial services where you can go walking) and CARTOCIUDAD (a
National Mapping Agency initiative that collects and makes available official
geo-referenced urban data, including street structure and administrative
boundaries in shapefile format).

2.2.3. Alcohol environment data

We considered alcohol availability to characterize the alcohol environment
including all off-premise alcohol outlets. Off-premises where defined as
outlets where people purchase alcohol and included 1) supermarkets; 2) small
grocery stores; 3) convenience stores; and 4) wine or liquor stores.
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Table 1
Description of urban environment data, indicators and sources.
Environment Measures Indicators Format Year Source
Food Healthy food availability Food store density Point 2014 Retail spaces census
Availability of food store diversity
Physical activity Walkability index Residential Density Population Density Retail Destinations Census section 2014 Housing census
Padron

Retail spaces census

Street Connectivity CARTOCIUDAD
Alcohol Alcohol availability Alcohol outlet density Point 2014 Retail spaces census
Tobacco Tobacco availability Tobacco store density Point 2014 Commissioner for the Tobacco Market
ENVIRONMENTS
PHISYCAL
ALCOHOL FOOD TOBACCO ACTIVITY
MEASURES
HEALTHY FOOD
POINTS OF SALE AVAILABILITY POINTS OF SALE WALKABILITY
| | | |
Kernel Kernel Kernel Kernel
Estimation Estimation Estimation Estimation

Map Algebra
|

Zonal analyst

MODEL 0
(unweighted)

Census sections
|

MODEL 1
(weighted)

MODEL 0
(at census section level)

MODEL 1
(at census section level)

Fig. 1. GIS model for the construction of the HHH index.
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Data came from the retail spaces census from the Department of Statistics of
Madrid City Council (Censo de Locales y Actividades), de-scribed above (see
food environment data). We geocoded a total of 4352 off-premise alcohol
outlets and we use them to calculate the availability of off-premise alcohol
outlets using an unweighted KDE.

2.2.4. Tobacco environment data

We used the availability of tobacco stores as a proxy of tobacco exposure in
the urban environment. Information about the addresses of all tobacco stores in
the city was provided by the Tobacco Market Commission (TMC) for the year
2014. TMC is a governmental organization tasked with monitoring the activity
of tobacco stores and its spatial distribution to ensure the “free competition” of
the tobacco market in Spain. We geocoded the 639 tobacco stores included in
the database and we used these data to calculate the availability of tobacco
stores using an unweighted KDE.

Table 1 describes each neighborhood domains used to characterize and assess
the neighborhood environment.

2.3. Prevalence of cardiovascular disease

We used Electronic Health Records from the Primary Health Care System of
Madrid (Bilal et al., 2016). This database included information on: (1)
cardiovascular disease prevalence specified as a person with a diagnosis of
myocardial infarction, angina, chronic ischemic heart disease, stroke or
peripheral artery disease, (2) CVD risk factors (tobacco use, obesity,
hypertension, diabetes mellitus, dyslipidemia) and (3) sociodemographic
variables (age, sex) for 1,446,994 adults aged 45—70 residing in Madrid in
2014. For analytical purposes, we only considered data on CVD prevalence for
this analysis. We removed all personally identifiable information (address,
name, identifiers) and aggregated the results to the census section level. Finally,
we calculated the age-standardized prevalence rate (by 1000 inhabitants). This
indicator was used as our dependent variable in the regression models.

2.4. Neighborhood deprivation

We used an existing deprivation composite index to measure the area-level
deprivation and considered as a confounder in the statistical analysis (Cebrecos
et al., 2018). Briefly, this area-based deprivation index is constructed at the
census section level using four indicators from 2011 Spanish Census data: 1)
manual workers, 2) unemployment, 3) eventual employees and 4) insufficient
instruction. These indicators are strongly related to social class (e.g. manual
workers), and both material and social deprivation (e.g. unemployment or
educational level). The deprivation index scores ranged from 1.93 to 3.36 with
in-creasing values indicating greater deprivation.

For more details on the deprivation index construction please see (Cebrecos
etal., 2018).

2.5. Design of index models

The method to build the model of the index is summarized as follows: 1) we
used KDE to convert data from each urban environment dimension into a
continuous surface for the entire city of Madrid. The KDE were integrated to
ArcGIS employing the Silverman's quadratic Kernel function (Silverman,
1986); 2) we calculated z-scores to make each surface comparable with the rest;
3) we performed a map algebra analysis with all surfaces generated and
standardized, to combine complete measurements; and 4) we developed two
different index models: model 0 (unweighted) and model 1 (weighted) weighted
for each indicator using mortality data related to the main CVD risk factors.
Fig. 1 graphically depicts the approach used to create the HHH index, the
multidimensional features included, the indicators selected, the data we
acquired, and the map algebra computed.
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2.5.1. MODEL 0 (unweighted model)

For this model, all environments (food, physical activity, alcohol, and
tobacco) were equally weighted in the final characterization of the heart-healthy
environment. We considered that if the urban environment was health-
promoting (such as healthy food access or walkability), the sign was positive;
and if the environment promoted unhealthy behaviors (tobacco stores and
alcohol retailers), the sign was negative.

For constructing KDE, we applied a cell size of 10 m, and a fixed bandwidth of
1042 m. These distances were defined by observing the minimum and
maximum distances between the points of sale, the minimum area of the census
sections and the size of the study area. The operation adopted for map algebra
was a local unweighted average computing the mean of pixels at the same
location for all environment surfaces, treating all domains as equally weighted,
where k is a sub-index for each of the domains (food, alcohol, physical activity,
and tobacco); and x and y are sub-indices for the geographical coordinates of

each cell.
K

MOxy = Z Mxyk
k=1

(6Y)
2.5.2. MODEL 1 (weighted model)

We wanted to assess the specific influence of each urban environment on the
heart-healthy environment. We used the most recent Global Burden of Disease
report as theoretical justification (http:// ghdx.healthdata.org/gbd-results-
tool)for weighting each domain (food, physical activity, alcohol, and tobacco
environments) by the proportion of CVD deaths attributable to the four related
behavioral risk factors (unhealthy diet, physical inactivity, alcohol use and
smoking). We acquired the 2016 data for Spain for adults aged 40—75 years
(IHME, 2016). As shown in Table 2 of the supplemental material, the
behavioral risk factor with the greatest impact on CVD was the dietary risk
(46.3% of total deaths due to CVD), followed by tobacco (23.5%), alcohol
(17.1%) and low levels of physical activity (6.9%). We used these proportions
for the specific weight per environmental indicator. The weighted model was

calculated as:
K

Mlxy = Z Mxyk*Wk
k=1

@

In the map algebra analysis, each environmental domain was weighted by
the proportion of CVD deaths attributable to each behavioral risk factor (w).
For example, the food environment domain was weighted by the proportion of
CVD death attributable to dietary risk factors.

Finally, to fully integrate the HHH index into the geographic context of the
area, we assigned each census section a single value by means of zonal analysis.
This analysis calculated a single output value for each

Table 2

Global regression modeling the relationship between both HHH index models -
unweighted (Model 0) and weighted (model 1) — and the age-adjusted CVD prevalence
rates in the city of Madrid, Spain.

MODEL 0 MODEL 1

OLScrude

R2 0.000 0.001

Brmodel -0.001 0.001

AlCc 7441.64 7439.62

Moran's | residual 0.278° 0.277%
OL Sagjusted

R2 0.158 0.159

Bmodet -0.037° -0.002°

Baeprivation 0.459° 0.474°

AlCc 7032.46 7028.65

Moran's | residual 0.127% 0.1242

OLSc is the crude Ordinary Least Square analysis between CVD rates and the index models. OLSa is the
Ordinary Least Square analysis between CVD rates and the index models adjusted by deprivation index.
2 p<0.01
b p<0.05.
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Fig. 2. Cartographic representation of the index models. Kernel Density Estimation surface for a) Model 0 and b) Model 1. High values of model (red color) represent heart-healthier
environments in terms of food, physical activity, tobacco and alcohol. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this

article.)

census section averaging all pixels that fall within each area. Thereby, we
obtained both index models at the census section level (see Fig. 1). For
interpretation of the HHH index, higher values show census sections that have
better heart-healthy environments

We collected contextual information on the study area from the Spanish
National Mapping Agency (www.ign.es) and Spanish National Spatial Data
Infrastructure (www.idee.es), allowing us to generate a georeferenced database
to integrate and map all the urban environment and cardiovascular data.

2.6. Spatial and statistical analysis

We examined the spatial autocorrelation (spatial dependency) of the
dependent variable (CVD adjusted rate) and of the independent variables (both
heart-healthy index models and the area-based deprivation index) by
computing the Moran's Index. This analysis allows identifying whether the
distribution pattern of each variable is either aggregated (a positive spatial
correlation and statistically significant), dispersed (negative spatial correlation
and statistically significant) or randomly distributed (without correlation)
(Moran, 1948). The conceptualization of spatial relationship was first order
polygon contiguity of edges and corners with row standardization.

We performed an Ordinary Least Squares (OLS) global regression to study
the relationship between the HHH index models and the CVD prevalence rate,
adjusting for area-level deprivation index (Charreire et al., 2010; Feng et al.,
2010). First, we only considered the HHH index models as explanatory
variables (OLS ¢4 Or OLS.); then we computed adjusted models for the
socioeconomic deprivation (OLS.gjusted OF OLS,).

The OLS model does not consider the underlying spatial dependence (spatial
autocorrelation) and spatial heterogeneity (spatial non-stationarity) inherent to
the data (Anselin 2002). Thus, to consider spatial non-stationarity in the
relationship between the heart-healthy urban
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environment (calculated by our HHH index models) and the rates of CVD
prevalence, we performed a Geographically Weighted Regression (GWR).
GWR performs a set of local regressions with coefficients that vary in
magnitude and direction according to location (Fotheringham et al., 2002). In
addition, the coefficients can be mapped and visualized to explore the varying
spatial relationship between health outcomes and explanatory variables
(Gebreab, 2018).

We performed two GWR models. GWR crude (GWRc) assess the relationship
between both HHH index models and age-adjusted CVD rates; whereas
GWRuagjustes (GWR,) Was adjusted for the deprivation index. In GWR analyses,
we used a kernel with an adaptive Gaussian function to fit the size of bandwidth
according to the distribution of the census sections. The kernel bandwidth was
determined by minimizing the corrected Akaike's Information Criterion
(AICc). The AICc is a relative goodness-of-fit statistics for comparing
competing models, where the model with the smallest AlCc provides the
closest or best approximation to reality (Fotheringham et al., 2002; Gebreab,
2018). The GWR with the smallest AIC was considered to have a better fit, and
a difference in AICc of more than 3 values was considered as a notable
difference between two models (Fotheringham et al., 2002).

Finally, we studied the spatial autocorrelation of residuals using the Moran's
Index. It is a useful indicator of problems in regression modeling
(Fotheringham et al., 2002). In general, a random distribution of the residuals
indicates a more effective regression model. The conceptualization of spatial
relationship was the same that the previous Moran's Index analysis. We used
ArcGIS 10.1 software (ESRI, Redlands, California) to perform the spatial
association analysis, the GWR and the cartographic results.
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3. Results
3.1. Results of both HHH index models

The cartographic representation of the models calculated is shown in Fig. 2:
The left-hand side shows results from model 0 (weighting the heart-healthy
environments equally) whereas the right-hand side shows results from model
1, specifically weighting each environmental indicator. Red tones represent
areas with healthier environments, whereas blue tones represent unhealthier
urban environments for cardiovascular health. We found a strong correlation
between models 0 and 1 (r = 0.82; p < 0.01).

The most heart-healthy environments (high values in red tones) were
observed, for both models, in the city core. In model O, these heart-healthy hot
spots (in red tones) were found to be smaller and more isolated. Model 0
characterized most of the built environment of Madrid with low values (blue
colors). In contrast, model 1 showed larger and more connected heart-healthy
areas in the urban core (shown in red) and worse values in the less populated
surrounding areas.

3.2. Spatial analysis results

The global autocorrelation analysis, calculated by the Moran's Index, showed
a positive association (p < 0.01) for both explanatory and dependent variables.
These results, shown in Table 3 of the supplemental material, show the existing
spatial dependency within the variables.

Table 2 shows the results of the OLS global regression analysis. The HHH
index weighted (model 1) presented a higher R2 in the regression adjusted by

deprivation (OLSa). OLSa, showed lower AIC¢ values and a significant
negative change for the age-adjusted CVD rate. In OLSg, a one unit increase in
the heart-healthy environment decreases the ad-justed rate of CVD by 0.002
cases per 1000 inhabitants. However, we found spatial dependency of residual
for these analyses.

Table 3 shows the results of the GWR. Compared to the OLS global
regression models, the GWR models showed smaller AlCc values and higher

R for all the analyses. The spatial autocorrelation of residuals was eliminated
only in index model 1 after adjusting for socioeconomic deprivation (GWR3).
In addition, GWR3 in model 1 presented the lowest AlCc values. In addition,

GWR3a showed a non-stationarity relationship between heart healthy
environment and the age-adjusted CVD rates, with this relationship varying
across space in direction and magnitude (Fig. 3).

Table 3

Local regression modeling the relationship between both HHH index models - unweighted
(Model 0) and weighted (model 1) — and the age-adjusted CVD prevalence rates in the city
of Madrid, Spain.

MODEL 0 MODEL 1
GWR
crude

R? 0.177 0.179
Brocel -0.667, 6.094 -0.683, 0.053
AICc 7003.94 6999.76
Morans 1 . 0.118% 0.117%

Had]USted
R? 0.336 0.324
Brocel -0.555, 0.415 -0.023, 0.022
Baeprvation -0.349, 1.01 -0.309, 0.939
AICc 6741.19 6732.24
Moran's | residual -0.020° -0.015

WGRg is the crude Geographically Weighted Regression analysis between CVD rates and
the index models. WGR is the Geographically Weighted Regression between CVD rates
and the index models adjusted by deprivation index.

8 p<0.01.

b p<ol.
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Fig. 3 shows the results of the GWRa analysis for model 1. The figure allows
simultaneously studying the adjustment (Rz) and the coefficients (8) of model
1. Fig. 3a shows higher R? in the southeast of the study area. In the southern

area, the greatest RZ occurs in areas with negative values of the index model
(Fig. 3b). In other words, in the south of Madrid, a healthier cardiovascular
environment is associated with a reduction of the adjusted rates of CVD. In
some areas of southern Madrid, a one unit increase in the cardiovascular
environment is associated with a decline in CVD prevalence of 0.023.
However, in other parts of Madrid, the relationship is positive, suggesting
higher CVD prevalence in areas with better heart-healthy environments.

4. Discussion

We developed a multicomponent index that integrates four dimensions
related to heart-healthy urban environments: the food, physical activity,
tobacco, and alcohol environments; and used two models for this Heart Healthy
Hoods (HHH) index: one equally weighting all environmental domains; and
one specifically weighting each domain. We used two methods to examine the
relationship between the HHH index and the prevalence of CVD, the OLS
regression analysis and the GWR. The weighted model for the HHH index
shows a better fit in both methods. As expected, the GWR shows a better fit as
indicated by the lowest values of AIC, and it reveals a non-stationary
relationship be-tween the heart-healthy environment and CVD prevalence. In
addition, the weighted model better captured the spatial variation in neighbor-
hood environments, underscoring a remarkable difference between the
connected heart-healthy areas in the urban core and the less populated
surrounding areas. Specifically, we found areas with inverse relation-ships
showing that improving the cardiovascular environment would contribute to
reduced prevalence rates. However, we also identified areas with a positive
relationship between HHH index models and CVD prevalence rates.

Several studies have examined the effects of a single built environment
measure on health behaviors and health outcomes. Examples are the studies
about food environment (Lytle and Sokol, 2017), alcohol (Popova et al., 2009),
tobacco (Lee et al., 2015) or physical activity (McCormack and Shiell, 2011).
The novelty of our study lies in the use of an integrated approach to combine
all those characteristics of the built environment. These characteristics may act
synergistically to influence health-related behaviors (Nelson et al., 2006),
which would also influence health outcomes. In addition, our work goes beyond
previous studies, as it includes clinical data on cardiovascular health rather than
overall mortality or self-reported health (Chalkias et al., 2013; Chen et al.,
2010; Clary et al., 2016; Feuillet et al., 2016).

While we did not find past research on multicomponent indexes integrating
measures of the built environment and cardiovascular health, we found works
that have integrated measures of the built environment and obesity (Tseng et
al., 2014; Wall et al., 2012). For in-stance, Tseng et al. (2014) created an
obesogenic index (covering 3 constructs: food, activity resources and
walkability) to quantify neighborhood obesogenicity and examined its
association with body mass index (BMI) in socio-economically disadvantaged
neighborhoods in Australia. Consistent with our study, they found a spatial
heterogeneity in the relationship between their index and the health outcomes
(non-stationary relationship), with generally positive associations for BMI in
urban areas and inverse associations in rural areas. Moreover, Wall et al. (2012)
integrated  neighborhood measures of food, physical ac-tivity,
street/transportation, and socioeconomic characteristics to ex-amine their
associations with adolescent weight status (BMI). Using a spatial latent class
analysis, they created composite scores representing closely correlated
neighborhood characteristics that potentially relate to obesity (i.e., away-from-
home food and recreation accessibility, community disadvantage, green space,
retail/transit density, and supermarket accessibility). Despite using a different
methodology, Wall et al. (2012) found results similar to ours identifying
clusters with
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Fig. 3. Results of geographically weighed regression between the heart-healthy environment and age-adjusted CVD prevalence, adjusting for socioeconomic de-privation. 2a) Local

regression adjustment (R2). 2b) Local regression coefficients () for heart-healthy environment.

complex combinations of both positive and negative environmental influences
on health outcomes. Thus, our findings concur with the existing evidence that
urban environments may influence CVD risk factors.

Previous studies (Borrell et al., 2014; Havard et al., 2008; Shortt et al., 2015)
led us to consider that socioeconomic deprivation as an important factor in
these analyses. It is possible that environments with healthy cardiovascular
resources could mitigate the age-standardized CVD rate but not eliminate it
completely (Clary et al., 2016; Reed et al., 2013). In environments with a
diversity of options (healthy and/or unhealthy), socioeconomic or personal
influences may buffer the influence of exposure to the environment (Lytle,
2009). Our findings showed that controlling for the deprivation index may
mitigate the effect of the HHH index on CVD risk. Alongside model
misspecifications, non-stationarity may therefore also stem from intrinsic
differences in the way individuals respond to specific characteristics of their
local environment (Fotheringham et al., 2002).

Several limitations of this study should be noted. For the measurement of
urban domains, a very specific set of indicators were selected. Therefore, we
may be missing other environmental characteristics that could influence
residents' health behaviors (Hillsdon et al., 2006; Jeffery et al., 2006). For
example, we only considered the food and alcohol retailers without considering
food services (e.g. fast-foods) or in-premises (bars). This may be
underestimating the impact of the urban environment in terms of alcohol and
unhealthy food exposure. Furthermore, when GIS measures of the urban
environment are derived from secondary database there could be inaccuracies
(Liese et al., 2013, 2010). However, we have no reasons to believe that
inaccuracies affect one more than another area, and thus, the likelihood of bias
may be non-differential throughout the study area.
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Another inherent limitation to the use of aggregate data in area units is the
Modifiable Areal Unit Problem or MAUP (Openshaw, 1983). In this study, we
used the census section to aggregate environmental measures. However, the
measures and associations of the urban environment may differ according to the
geographical delimitation used (Barnes et al., 2016). An example of these
differences is shown by a work developed in Madrid (Cebrecos et al., 2018),
where an index of deprivation varied when calculated for different
administrative units as well as its association with C\VVD. The border effect is a
limitation that arises when conducting studies infinite regions (Griffith, 1983).
The urban environment domains considered, CVD prevalence and deprivation,
all extend beyond geographical delimitations of Madrid municipality. Yet, we
did not consider the vicinity outside the municipality to perform the spatial
association analysis because we had no data outside the municipality of Madrid.
The entire city of Madrid is part of the regional electronic health record system
that is also universal and, therefore, the possibility of undiagnosed CVD is
minimal, but not impossible.

Despite these limitations, this study has several strengths. First, the use of
composite indexes reduces collinearity and over-adjustment, confers ease of
interpretation, and may reduce measurement errors (Feng et al., 2010). Second,
integrating different indicators within an index can detect associations not
previously found (Kelly-Schwartz et al., 2004). To reduce the impact that the
built environment has on health behaviors, it is important to understand the
mechanisms driving them independently and/or jointly. Thus, these index
models and the cartography developed can provide an effective analytical tool
to sup-port public health policy decisions in that identifies the geographical
areas where interventions should be prioritized, those with the most significant
relationship. Lastly and most importantly, we used and
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compared two methodological approaches, OLS global and GWR local
regression analyses. Methodologically, the GWR analysis, as a heuristic
approach (Wheeler and Paez, 2010), provides more useful information about
the relationships between CVD and the heart-healthy environment than the
OLS analysis. Thus, we consider very useful and necessary to complete the
results of a global analysis with a local analysis that take into account the spatial
dependence and non-stationary nature of the data. The GWR analysis improved
the ability to explain local CVD rates. Unlike the OLS global model, GWR
findings allowed us to identify locally what type of relationship exists between
the heart-healthy environment and CVD and where this relationship is stronger.
This modeling approach has the potential for developing future public health
programs and interventions accounting for contextual characteristics to reduce
and prevent CVD.

To our knowledge, this is the first study examining a wide variety of
neighborhood contextual characteristics influencing the cardiovascular health
of Madrid's citizens. The study area of the current work is limited to the city of
Madrid, but we would like to underscore the international application that this
type of index may have. Comprehensive studies of urban health in Europe
(Macdonald et al., 2018; Schneider and Gruber, 2013), the USA (Auchincloss
etal., 2008; Brenner et al., 2015; Moore et al., 2008) and Australia (Feng et al.,
2018; Koohsari et al., 2016) could implement this methodology proposed to
characterize urban environments in relation to cardiovascular health when
secondary data are available.

Considering the balance or combination of resources can be theoretically and
empirically important to understand the influence of the built environment on
health behaviors. Consistent with theories of behavioral economics (Hursh and
Roma, 2013; Reed et al., 2013), human behavior is the result of the distribution
and availability of a diverse and synergistic set of resources. However, most
investigations examine discrete characteristics of exposure to the environment
(Caspi et al., 2012; Malambo et al., 2016). Specific exposures can be more
easily addressed from public health policies but it may be a more ac-curate
reflection considering human behavior within a system of multiple
environmental characteristics.

5. Conclusion

The Heart Healthy Hoods Index is a multicomponent method to characterize,
in an exhaustive way, heart-healthy urban environments, using the example of
the city of Madrid. In addition, we tested the index models by studying their
spatial relationship with CVD prevalence highlighting variations of this
association through spatial local analysis. We found that the relationship
between CVD and the urban environment was non-stationary but varied along
the territory of Madrid both in direction and strength. The index and the
cartography associated can provide an effective analytical tool to support public
health policy decisions in that identifies the geographical areas where
preventive and health promotion interventions for heart diseases might be
prioritized. The Heart Healthy Hoods Index, could be a relevant tool to identify
urban environments susceptible to cardiovascular preventive interventions.
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SECTION I1I. Research development

2. CONTEXT AND RESULTS OVERVIEW

The first study of this PhD dissertation was to develop an innovative method based on GIS
to evaluate the obesogenic environment of a "medium" neighborhood of Madrid. This
neighborhood was used as the pilot area of the HHH project and was formed by 12 census
sections (Bilal, Diez, e /., 2016). Through the development of this synthetic index, measures
of the food and physical activity environments that were generated by a KDE were integrated
into a composite index. The index ranged from 0 to 100, where higher scores represented a
healthier environment. There was a heterogeneous spatial distribution of the obesogenic
contextual determinants. In the study area, an average score of 25.5 was obtained. About
75% of the area had scores below 36.8, and 50%, below 25.5. The study area was also
characterized in four categories according to the average score of each census section: low
(17.7-21.6), medium-low (21.7-30.8), medium-high (30.9-35.1) and high (35.2- 43.8). Four of
the 12 census sections were classified as low, four as medium-low, three as medium-high and

one as high.

The second study addressed the implications that the MAUP has on the choices of the unit
of analysis and the scale when data of socioeconomic deprivation is aggregated at different
areal units. We found that, for different administrative units (census section, neighborhood,
and district), the deprivation index obtained different results and correlations with CVD
prevalence. Also, we found that the components of the index varied when building the index
at different geographical units. At the census section and neighborhood level, the index
indicators were related to occupation/labor market and education domains. However, at the
district level, two indicators related to immigration were part of the first component of PCA.
This could indicate immigration is a social phenomenon not limited locally in a city as densely
populated as Madrid, but it extends through a wider territory. Thus, it became a statistically
significant component for socioeconomic deprivation only when it was incorporated in a

larger observation unit, such as the district.

In the third study, we developed a multicomponent index that integrated four domains
related to heart-healthy urban environments: food, physical activity, tobacco, and alcohol
environments. Two models were performed to calculate the Heart Healthy Hoods index
(HHH index): one with un-weighted environment domains, and another with specific
weights for each domain. We performed two regression analysis (OLS and GWR), to

examine the relationship between the HHH index and CVD prevalence. The weighted model
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showed a better fit in both regression analyses. The GWR had a better fit (based on the AIC)
and showed a non-stationary relationship between the heart-healthy environment and CVD
prevalence. In addition, the weighted model captured better the spatial variation in
neighborhood environments; there was a considerable difference in the relationship HHH
index-CVD between the urban core and the less populated outskirts areas of the city.
Specifically, we found areas with inverse relationships showing that improve cardiovascular
environment would contribute to reducing prevalence rates of CVD. However, we also
identified areas with a positive relationship between the HHH index models and the

prevalence rates of CVD.
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SECTION IV.
DISCUSSION

Throughout this PhD dissertation, we have described the current concept of Health
Geography within the published works under an ecological approach, focusing mainly on
how the effects of neighborhood and context on cardiovascular health have been articulated.
Much of the progress in this research field has been driven from Epidemiology using
concepts and geographic techniques such as GIS. However, there are aspects of this
epidemiological research that are still unresolved from a geography perspective, being the
most general the insufficient rigor necessaty to conceptualize the "place". Therefore, there is
a demand for evidence about the inherent challenges in ecological studies that use spatially
aggregated data. In this sense, the current PhD dissertation has considered the impact of
geographic properties of data on health outcomes. Specifically, spatial dependence, MAUP,
scale effect, and spatial heterogeneity have been evaluated by studying the relationship
between urban contexts and CVD prevalence. Thus, it is possible to appreciate a double
contribution of our research on urban health scientific body: 1) it considers the necessary
geographic conceptualization in ecological studies and 2) it applies it to a global health

problem such as CVD.

Furthermore, geographers should have a central role in bringing the idea that individual
health is a product of interactions with multiple geographical context and scales which can
harm and promote health. In this work, a novel research line has been presented by focusing
on the intertwined nature of the built environment multidimensional characteristics and how
they are associated with CVD. This multidimensional approach has been considered in
previous research relating the built environment and obesity, as shown by studies based on
obesogenic environments (Frank e# al, 2012; Guthman, 2013; Economos e al., 2015).
However, to date, we have not found studies that synergistically consider the characteristics
of the built environment characteristics that might impact CVD by shaping the 4 main risk
factors of CVD: diet, physical activity, tobacco and alcohol. We consider this approach is
crucial to better understand the place's role in health promotion and the reduction of health

inequities.

Based on our research results, living in a healthier built environment would imply a small

change for each residents’ CVD risk. Therefore, it would be understandable if a policymaker
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has doubts whether to make an investment to improve the built environment if such
investment does not produce obvious individual changes. However, a moderate
improvement in the whole population can have a profound effect on the general burden of
the disease (Rose, 1985). This is the basis of the population strategy for disease prevention.
The relationship between the HHH index and the CVD prevalence might appear to be weak,
so an improvement in the cardiovascular environment would imply a small improvement in
individual CVD risk. However, if this little change happens in all individuals, it would imply

a great change at the population level.

Most of the work has been developed throughout Madrid City, one of the main European
capitals. Currently, several reviews have summarized the available evidence on the
relationship between the built environment and different health outcomes or health
behaviors (Feng et al., 2010; Giskes e al., 2011; Lee and Maheswaran, 2011; Caspi ez al., 2012;
Carroll-Scott e al, 2013). However, most studies were conducted in North America and
Australia, while the number of studies conducted in Europe is scarce. The attributes of the
physical environment in Europe are likely to differ from the United States or Australian
context. For example, European cities (Kasanko e a/, 2000) are characterized by a more
compact (dense) structure compared to cities in North America or Australia. Consequently,
the evidence generated in this work could be the basis for future studies evaluating the
relationship between European urban contexts and health outcomes. In addition, all the
methods proposed in this research have the potential to be replicable in other parts of the
wortld, with other administrative hierarchies, as long as the data is collected at the appropriate
level. Both the indices to charactetrize the urban environment, as well as the socioeconomic
deprivation, can be replicated in other area units, such as municipalities or countries, always

taking into account the effort and resourced needed for data collection.

In the next sections, a detailed discussion around the results of the three studies is presented,
relating them to the evidence already published. Finally, the limitations of the research and

its strengths are presented.

Characterization of the obesogenic environment

In the first study of this research, the obesogenic environment was characterized taking into
account the interrelationships between food and physical activity environments. These

interrelationships arise due to the correlation between the metrics of these two urban
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environments (Guthman, 2013; Townshend and Lake, 2016). To characterize the obesogenic
environment, a synthetic index based on GIS was developed by integrating on-field measures
of both environments. This perspective, whose results are increasingly abundant, was also
used in the third study of this dissertation. It was considered that, if the food and physical
activity environments are related and form the so-called obesogenic environments, the
interrelation between the contextual characteristics of the urban environment affecting
cardiovascular health and its risk factors could also be considered. Under this premise, in the
third study a heart-healthy index was developed integrating built environment measures of

food, physical activity, alcohol, and tobacco.

The use of composite indexes reduces collinearity and excessive adjustment conferring ease
of interpretation and reduction of measurement errors (Feng ef al., 2010). In addition, the
integration of different indicators in an index can bring up associations not previously found
(Kelly-Schwartz ef al., 2004). In the case of the first study, a systematic observation was
carried out on-field using validated audit tools that provided highly detailed spatial data on
physical activity and food environments. This also ensured both variability and more
statistical power. The use of a broad sampling strategy to maximize variation among
environmental factors reduced the sample size needed to evaluate associations between built

environments and obesity outcome (Frank ez a/., 2012).

Previous studies have considered both food and physical activity environment to characterize
the obesogenic environment, but have not obtained a composite value (Frank e# a/., 2012;
Wall e al, 2012; Meyer et al., 2015). Most of these studies used GIS to integrate the
information from several sources, mainly from secondary databases. The KDE remains
underused compared to proximity analysis or statistically defined areas (Charreire ez al., 2010;
Buck ez al, 2011; Thornton ef al., 2012). However, the number of studies that use KDE to
study the obesogenic environment has increased in the last years (Rundle ez @/, 2009;
Charreire ef al., 2010; Thornton ez al., 2012). KDE overcomes the limitations in the binary
definitions of the analysis based on fixed geographical limits (for example, number of stores
per census section). Smooth transitions through administrative boundaries better represent
the reality of urban environments (Chaix e a/., 2009). In addition, the resulting KDE surface
of both the obesogenic index and the heart-healthy index can be used as an independent

variable in statistical models (Carlos e al., 2010).

Finally, it is necessary mentioning the potential of replicability of this methodology. Having

used a selected study area through "median neighborhood" methodology, it could be useful
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for future international comparisons of median neighborhoods in different environments

(Franco, Bilal and Diez-Roux, 2015; Diez ¢# al., 2016).

Scale effect in the study of social phenomena

The results obtained in this second study add to recommendations found in the literature
about the need to examine the scale effects when using aggregated measures and studying
associations between urban context and health indicators (Rey ez 4/, 2009; Houston, 2014;
Hanigan, Cochrane and Davey, 2017). Researchers must take into account the MAUP when
changing the data aggregation unit or when changing the scale (Openshaw, 1983;
Fotheringham and Wong, 1991). For example, Root (2012) found poverty showed a stronger
effect on smaller scales and unemployment on larger scales in relation to the cleft palate
(Root, 2012). These results can be explained as unemployment rate may influence a higher
level of geography since high unemployment tends to depress the economy in much larger
areas (for example, an entire city), while poverty is often localized in small clustering areas
(Root, 2012). Another evidence of MAUP implications can be found in the work of Johnston
et all. (2016). They concluded that segregation in Australia was greater in the macro and
micro scales than in the intermediate scales and varies in intensity (Johnston ez a/., 2016). At
different spatial scales and/or levels of aggregation, different patterns and degrees of spatial
autocorrelation are obtained that will impact on the results of any statistical analysis. The
results of the second study follow the line established by these previous works, evidenced

that social phenomena have multi-scale characteristics.

As a result of the statistical and geographical stability analysis for socioeconomic
deprivation, it was observed that deprivation index did not remain stable through the three
administrative units (census section, neighborhood, and district). These results were
corroborated with the correlation analysis between socioeconomic deprivation and the
CVD prevalence. At the three scales, the correlations were positive and statistically
significant (p <0.01), but the association was stronger when the geographical unit of
analysis was higher (e.g. districts). In general, any more disadvantaged geographical unit had
a greater correlation with the prevalence of CVD. An explanation could be that residents of
these disadvantaged areas are suffering a double burden of risk due to deprivation
amplification (Macintyre, 2007). People may be suffering from a double disadvantage, the
individual socioeconomic and the lack of infrastructure in the neighborhood that allows

and encourages a healthy life. This could translate into the development of unhealthy habits
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(smoking, an unhealthy diet or sedentary lifestyle) affecting the cardiovascular health of

those who live there.

The size and definition of the spatial unit of analysis should vary according to the
phenomenon under study and the processes by which the area effect on the health outcome
is hypothesized (Diez-Roux e al, 2001). This study showed is possible to use a bivariate
autocorrelation analysis to explore how an index of socioeconomic deprivation correlates
with the closest deprivation values on different scales. Along with visualization, this approach
has allowed to characterize the relathionship between MAUP and the spatial scale.
Obviously, the aim was not to solve the MAUP, but to emphasize the need to analyze the
associated and underlying phenomena of the aggregated data in areal units. To do so, a
replicable socioeconomic deprivation index was developed and its stability was studied

ghrough the scales.

The phenomenon of socioeconomic deprivation was selected because it constitutes a
universal problem, a challenge for public health policies and, in general, it is evaluated
through spatially aggregated data. Socioeconomic deprivation is the driver of social
inequalities in health (Burrows ez /., 2011; Laraia ez al., 2012; Weng ez al., 2017) since people
living in disadvantaged areas present worse health indicators and tend to group in
neighborhoods with worse social and economic conditions. (Macintyre, 2007; Borrell e al.,
2014). Therefore, knowing the implications of the spatial unit selection is of great interest
for all studies focused on inequalities in health with a spatial focus. In addition, the results of
this research can inform health policy decision makers. Taking into account the impact of
the aggregation scale on the association between socio-economic disadvantage and health

outcomes can be useful for health surveillance and evaluation of public health interventions.

Heart-Healthy environment and its spatial relationship with CVD prevalence

Following the research line of the first study, an integrative approach was used to characterize
the CVD-related built environment of the entire city of Madrid. As already mentioned in this
document, several studies have addressed the effects of a built environment single measure
on health-related behaviors. Some examples are studies on food environment (Lytle and
Sokol, 2017), alcohol (Popova ef al., 2009), tobacco (Lee ef al, 2015) or physical activity
(McCormack and Shiell, 2011). The novelty of our contribution lies in the use of an

integrated approach to combine several measures of these environments to characterize the
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cardiovascular environment of Madrid. The measures of these environments can act
synergistically to influence health-related behaviors (Nelson ez 4/, 2006), which would also
influence health outcomes. Furthermore, it is convenient to emphasize this work goes
beyond previous studies since it includes clinical data on cardiovascular health instead of
general mortality or self-reported health (Chen ez a/, 2010; Chalkias ez a/., 2013; Clary ef al.,
2016; Feuillet ez al., 2010).

Although we did not find previous research on multicomponent indexes integrating a whole
perspective of the built environment related to cardiovascular health, we did find studies that
integrate measures of different domains of the built environment related to obesity (Tseng
etal., 2014; Wall et al., 2012) (Tseng et al., 2014; Wall et al., 2012). For example, Tseng et al.
(2014) proposed an obesity index (covering three domains: food, activity resources, and ease
of use) in Australia to quantify neighborhood obesogenicity. In addition, they examined its
association with body mass index (BMI) in neighborhoods with socioeconomic
disadvantages. In line with the third study of this PhD dissertation, Tseng's work found
spatial heterogeneity in the relationship between the index and health outcomes (non-
stationary relationship), with generally positive associations for BMI in urban areas and
inverse associations in rural areas. Another example is the work of Wall et all., (2012) that
integrated measures of food environment, physical activity environment, and public
transport along with socioeconomic characteristics and examined their associations with the
weight of adolescents (BMI). Using a latent class spatial analysis, they created composite
scores representing neighborhood characteristics closely correlated and potentially related to
obesity (i.e., accessibility of food and recreation outside the home, community disadvantages,
green space, traffic density, and accessibility to supermarkets). Despite using a different
methodology, they identified groups with complex combinations of both positive and
negative environmental influences on health outcomes (Wall et al., 2012). Therefore, the
findings of this dissertation coincide with the evidence in other countries about the influence

of urban environments on CVD risk factors and the heterogeneity of these relationships.

Previous studies (Havard ez al., 2008; Borrell ez al., 2014; Shortt e# al., 2015) led to consider
socioeconomic deprivation as a potentially relevant factor for the analyses of this study. It is
possible that environments with healthy cardiovascular resources can mitigate CVD
prevalence, but not eliminate it completely (Reed, Niileksela and Kaplan, 2013; Clary e al.,
2016). In environments with a variety of options (healthy and unhealthy), socio-economic or

personal influences can buffer the influence of exposure to the built environment (Lytle,
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2009). The results of this study showed that the control of socioeconomic deprivation can
mitigate the effect of the HHH index on the risk of CVD. Together with the erroneous
specifications of the model, the non-stationarity of the relationship between the HHH index
and the prevalence of CVD may also be due to intrinsic differences in the way in which
individuals respond to the specific characteristics of their local environment (Brunsdon,

Fotheringham and Charlton, 2002).

According to our knowledge, this is the first study examines a wide variety of neighborhood
contextual characteristics that influence the cardiovascular health of Madrid citizens. But it
is worth noting the international application that HHH index can have. Comprehensive
urban health studies in Europe (Schneider and Gruber, 2013; Macdonald 7 4/, 2018), U.S.A
(Auchincloss ez al., 2008; Moore et al., 2008; Brenner ¢# al., 2015) and Australia (Koohsati ez
al., 2016; Feng ez al., 2018) could implement this proposal to characterize urban environments
in relation to cardiovascular health. Considering the balance or combination of resources can
be theoretically and empirically important to understand the influence of the built
environment on health-related behaviors. According to the theories of behavioral economics
(Hursh and Roma, 2013; Reed, Niileksela and Kaplan, 2013), human behavior is the result
of the distribution and availability of a diverse and synergistic set of resources. However,
most research examines the discrete characteristics of exposure to the urban environment
(Caspi et al., 2012; Malambo e al., 2016). Specific exposures can be more easily addressed
from public health policies, but it can be a more precise reflection considering human

behavior within a system with multiple contextual characteristics.

1. LIMITATIONS

This PhD research implies a series of limitations that it has not been possible to tackle
throughout this dissertation, but that must be highlighted and recognized. However, certain
limitations have been rectified as the different research objectives were reached. For example,
the first study of this dissertation required the collection of primary data through systematic
observation, a process that requires resources and time. However, in the third study involving
a similar approach, these costs were drastically reduced by using secondary databases with
spatial information and new remote devices to collect geocoded primary data (Matthews,
Moudon and Daniel, 2009). On the other hand, when GIS measurements of the urban

environment are derived from a secondary database, there may be measurement errors as
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this data was collected for other purposes (Liese ez /., 2010, 2013). However, there is no
reason to believe that inaccuracies affect one area more than another, and therefore, the
probability of measurement error may not be differential in the study area. In the first study,
the relative importance of physical activity and food environments was not considered,
treating both environments with the same weight by means of an unweighted local average.
This limitation was addressed in the third study of this research by developing two models
of the heart-healthy index. Following the methodology of the first study, one of the models
considered that all the evaluated environments (food, physical activity, alcohol, and tobacco)
had the same weight. On the other hand, the second model treated the relative importance
of each environment by the percentage of CVD deaths attributable to the four main risk
factors (unhealthy diet, lack of physical activity, alcohol consumption and smoking). These

percentages were used as weights when developing this second model.

A limitation that could not be remedied originates in the measurement of urban
environments by selecting a very specific set of indicators. Therefore, other characteristics
of the urban context that could influence residents' health behaviors may be lacking (Hillsdon
et al., 2000; Jetfery et al, 2006). For example, the off-premise sale of food and alcoholic
beverages was considered, but on-premise (for example restaurants, cafeterias, bars) or
nightlife (such as discos or nightclubs) were not considered. In the case of tobacco
environment, all tobacco stores were taken into account, but tobacco vending machines were
not. This may be underestimating accessibility and availability to the contextual determinants

of CVD, that is, exposure to food, alcohol and tobacco environments.

Another notable limitation related to data source selected is that to calculate socioeconomic
deprivation was used National Census, which is collected every 10 years. This implies a large
time lag that makes it difficult to update the data for longitudinal or cross-sectional studies
throughout the decade. In addition, it is possible that the indicators selected to calculate
socioeconomic deprivation did not provide enough information to reflect all aspects of this
social phenomenon. Furthermore, the correlation analysis performed between
socioeconomic deprivation and the prevalence of CVD does not allow to infer the causality
between the variables. However, our results allowed to corroborate the importance of spatial
scaling, and how choices of scale impact on the relationship between socioeconomic

deprivation and CVD.

In the first and third studies of this dissertation, the census section was used to aggregate

measures of the urban built environment. This might seem an inconsistency since throughout
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this dissertation the MAUP (Openshaw, 1983) has been evidenced as a critical issue when
using aggregated data (Barnes ¢z a/, 2016). However, this study provides two types of results
for the characterization of the built environment, one continuous and one delimited by
census sections. The continuous result is based on a mathematical surface that overcomes
the limitations of administrative limits, so it better presents the reality of urban environments
(Chaix ez al., 2009). The second result limited by the census section of Madrid is necessary
since this area is the smallest unit in which can be disposed of sociodemographic, economic,

and health statistics.

Finally, the study area of this work is limited to the municipality of Madrid, so the
metropolitan area of the city has not been included. This has generated the so-called "edge
effect" and is a limitation that arises when studies are performed in finite regions. Urban
environments, prevalence of CVD and socioeconomic deprivation extend beyond the
geographical boundaries of Madrid municipality. However, we do not consider the
surroundings of the municipality since the data is provided by the city council of Madrid and

is not available for other municipalities that are part of Madrid’s metropolitan region.

2. STRENGTHS

Despite the limitations, this doctoral dissertation has remarkable strengths that have been
discussed throughout this document. One of them is that the need to develop a tool to help
policy makers in their choice of health interventions and the establishment of priorities has
been overcome. Epidemiological research has used a variety of highly sophisticated analysis
to measure the correlation and causality between risk factors and health outcomes. Their
findings are key to public health, but offer limited guidance to policymakers in the choice,
scope, and area of intervention. Therefore, there is a demand for works that, using a spatial
approach, can guide political decision-makers to establish priorities and strategies when

developing the most appropriate local intervention.

The urban context indices developed in this dissertation showed the spatial distribution of
the main contextual risk factors of CVD. This distribution is depicted by a continuous
surface allowing policymakers to properly choose between different approaches that are not
affected by the aggregation of spatial data in administrative areal units. Both indices and its
associated cartography are an effective analytical tool to support public health policy

decisions. In this sense, another strength is the use and comparison of two methodological
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approaches, one global and one local. Methodologically, local analysis (GWR), as a heuristic
approach (Wheeler and Paez, 2010), provides more useful information about the
relationships between CVD and the heart-healthy environment than global analysis (OLS).
It is considered useful and necessary to complete the results of a global analysis with a local
analysis taking into account the spatial dependence and non-stationary nature of the data.
The GWR analysis improved the ability to explain local CVD rates. Unlike the global OLS
model, the GWR findings allowed us to locally identify what kind of relationship exists
between the heart-healthy environment and CVD and where this relationship is strongest.
This local diagnosis can help policymakers to plan community interventions where there are
greater needs and the impact will be higher. Furthermore, thanks to the evidence generated
in the second study, the results of this research can help policy decisions about the scale in

which the intervention should focus.

Another strong point of this research is to have health data obtained from the universal
Primary Health Care electronic records, which covers almost all citizens, and the risk of
unreported events is low. Thus, we used data from 1,446,994 residents between 45 and 75
years old living in the city of Madrid, and therefore, age-adjusted prevalence of CVD at the

census section level.

Once exposed the main strengths and limitations of the research, we will conclude this
section highlighting the development of novel geospatial methodologies to study the urban
contextual determinants of CVD and its spatial distribution pattern for the entire city of
Madrid. Under a rigorous geographical perspective, this research will help advance the field

of epidemiology and public health policy.
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SECTION 1.
GENERAL CONCLUSION

In this section, a discussion on the degree of achievement of the proposed objectives is
presented. The main objective of this PhD dissertation was to develop a GIS-based
methodological proposal to characterize urban contextual determinants of CVD. To reach
this objective and being able to verify the hypothesis, it was necessary to reach the

proposed secondary objectives.

SO1. To design a GIS-based multicomponent index to integrate information from food and

physical activity environments to characterize the obesogenic environment of an urban area.

This secondary objective was reached in study 1 of this dissertation that culminated with the
publication in International Journal of Health Geography. In order to understand the
obesogenic environment, it is necessary to consider the inter-relations between food and
physical activity environments. For this, we proposed a synthetic index providing a feasible
way to integrate different measures of healthy urban environments in terms of food and
physical activity. This multicomponent method opens up new ways to capture the
interrelationships between physical activity and healthy food availability urban environment

domains that did not emerge when they were studied in an isolated way.

SO2. To build a socioeconomic deprivation index and to study its statistical and geographic
stability through three different spatial observation units (census section, neighborhoods and

districts).

SO3. To study the scale effect on the relationship between socioeconomic deprivation and

prevalence of CVD.

Both objectives were achieved in studio 2 which was published in the journal Applied
Geography . A deprivation index was developed allowing the detection of areas of large cities
with an unfavorable socioeconomic situation. In addition, were evidenced the changes that
occur in the relationship between deprivation index and CVD prevalence when they are

studied at different spatial aggregation units. We concluded deprivation index can contribute
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to the study of social inequalities in health in Madrid, and be an instrument of great utility
for health planning. However, the scale effect influences the spatial pattern and the
relationship between deprivation and CVD. The correlations between deprivation and CVD
at the three study scales were positive and significant, being greater as the size of the spatial

unit increased.

Our recommendation is that descriptive analysis and notification of results, be made at the
neighborhood or district level, since these spatial units best capture the wide distribution of
the disease and deprivation. For explanatory or inferential studies, it may be necessary to
deepen to census section level to delineate those areas for a specific approach, both to
understand the possible exposures and to guide the resources for the intervention. And
finally, if there is uncertainty about the best scale to represent the pathways acting between
specific social determinants and health outcomes, several geographic scales, and explicit

hypotheses shall be explored.

SO4. To develop and implement a multicomponent index, the Heart Healthy Hoods index
(HHH index), integrating characteristics of healthy urban environments for the heart (food,

physical activity, tobacco, and alcohol) using GIS tools.

SO5. To examine the association of the HHH index with the prevalence of CVD at the area

level.

These secondary objectives were developed in study 3 which published in the journal Health
& Place. We developed the Heart Healthy Hoods Index (HHH index), a multi-component
method to characterize, in an exhaustive way, heart-healthy urban environments. We
concluded, in relation to SO5, the relationship between the Heart Healthy Hoods Index and
CVD prevalence was non-stationary but varied along the territory of Madrid both in
direction and strength. Examining the association between HHH index and CVD
prevalence, the local regression analysis (GWR) provides more useful information about the
relationship between CVD and the heart-healthy environment than the global regression
analysis, since allowing to identify locally what type of relationship exists and where is
stronger. The Heart Healthy Hoods Index could be a relevant tool to identify urban

environments susceptible to cardiovascular preventive interventions.
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In summary, this PhD dissertation has deepened from a robust geospatial approach in the
development of assessment tools for the contextual determinants of health-related
environments. In addition, we analyze their relationship with the prevalence of CVD from
1.5 million citizens. From an integrative perspective, we have been developing and enriching
different methodologies to characterize urban environments (physical and social) and
demonstrating their applicability testing the indices by studying their spatial relationship with
CVD prevalence highlighting variations of this association through space and scale. The
indices and the cartography associated developed in this PhD dissertation provide effective
analytical tools to support public health policy decisions in that identifies the geographical
areas where preventive and health promotion interventions for heart diseases and its risk

factors associated might be prioritized.
Finally, we remind the hypothesis raised:

GIS-based multicomponent indexes may capture the intertwined nature of the contextual

determinants of CVD in a more complete fashion than single indexes.

As a consequence of the achievement of specific and general objectives proposed in this

PhD research, we conclude that the hypothesis has been accepted.
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ANNEX III. Characterizing physical activity and food urban environments: a GIS-
based multicomponent proposal (Supplementary material)

S1: The Median Neighborhood Index Methodological Details

The Median Neighborhood Index

The Median Neighborhood Index (MNI) is the average Euclidean rank distance of each spatial unit
of analysis to the median neighborhood in a seties of variables. More specifically, this index uses four
variables to represent the demographic and socioeconomic structure, segregation phenomena and
urban form. The Euclidean rank distance in each variable is calculated by sorting all units of analysis
(census sections) and computing how far in rank each unit is from the median neighborhood. The
four distances are then averaged to the Median Neighborhood Index. A low value in this index
represents a more average neighborhood in the four variables, while a higher value represents more
extreme neighborhoods. Importantly, and since rank distances are all positive, these extreme

neighborhoods may be on either tail of the distribution of social factors.

Variables

For the four variables, we used % population aged 65 or above as the demographic indicator, %
people with college education or above as the socioeconomic indicator, % foreign-born as the
segregation indicator, and population density (in sq. km) as the urban form indicator. The unit of

analysis was the census section (around 1500 people).

Selecting Average Neighborhoods

To select average neighborhoods we look for clusters of spatial units of analysis of the desired size.
For example, if the unit of analysis is the census sections and we seek an area of 15,000 people, we
must seek clusters of a maximum of 12 census sections. We use Kulldorf’s Spatial Scan Statistic
(Kuldorff 1997). This method allows for the search of clusters of cases, normally distributed variables
or other distributions. Given the normally distributed nature of the MNI, we looked for clusters of
low MNI values. The Kulldorf’s Spatial Scan Statistic also allows for the setting of a maximum cluster
size. Given that this statistic requires for spatial point data to be used, we calculated the centroids of

each spatial unit of analysis prior to the cluster search.
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$2: Adapted NEMS-S Audit Tool

Annexes

Madrid3toreBtudyn
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+1 For Ground beef available changed to +1 For any ground meat

+1 for Lean ground beef changed to +1 for beef

.5 for frozen fruits or vegetables changed to +1 for each

Adaptations (from the Abridged NEMS version produced by the CLF [available at
http://mdfoodsystemmap.org/):

+1 if any of dried beans, rice or pasta available, changed to +0.5 for each
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S3: Density of Food, Alcohol and Tobacco Outlets in our Study Area, in the District of
Ciudad Lineal and in the entire City of Madrid. Density units are in businesses per 10.000

people

TYPE OF BUSINESS ﬁg‘( DISTRICT  MADRID

FOOD STORES
GENERAL 6.6 4.2 5.4
FRUIT 17.1 6.1 6.3
MEAT/EGGS 26.9 8.2 9.2
FRUIT 13.1 2.5 2.4
BAKERY 16.4 7.1 8.4

FOOD SERVICES, ON-SALE ALCOHOL

AND TOBACCO VENDING

(BARS/RESTAURANTS) 39.4 411 49.9

ALCOHOL OFF-SALE 0.6 0.2 0.4

TOBACCO STORES (ESTANCOS) 2.6 1.5 1.9
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ANNEX IV. A multicomponent method assessing healthy cardiovascular urban
environments: The Heart Healthy Hoods Index (Supplementary material)

S1: Neighborhood deprivation indicators

Table 1. Operational definitions for area-based socioeconomic indicators of the 2011
census included in the construction of the area based deprivation index.

Indicator

Operational definition

Manual workers > 16
years old among the
employed

Percentage of people aged 16 years or over employed in sectors services,
agriculture, fishing, craftwork, skilled workers in manufacturing industries,
construction, mining, installations operators, and non-skilled workers; with respect
to the total employed population aged 16 years or over

Manual workers > 16
years old among the
employed or
unemployed who
have worked before

Percentage of people aged 16 years or over, employed or unemployed who have
worked before as manual workers (employed in sectors: services, agriculture,
fishing, craftwork, skilled workers in manufacturing industries, construction,
mining, installations operators, and non-skilled workers) with respect to the total
employed population aged 16 years or over

Percentage of people aged 16 years or over without a job (unemployed and those

countries or born in
Spain whose father or
mother was born in
low income countries

o > ; A : . -
S Unemployment 2 16 seeking work for the first time), with respect to the total economically active
O yearsold .
x population
o
O  Temporary employees
S >16yearsoldamong  Percentage of people aged 16 or older occupied as eventual employees.
S the occupied
@]
ﬁ Temporary employees
8 ﬁ\é%ggjrsie(gifmong Percentage of people aged 16 or older occupied or unemployed who have worked
o) P before as eventual employees.
o unemployed who
have worked before
Percentage of people aged 16 years and over who, according to a list of the
Insufficient National Statistics Institute, cannot read or write; can read and write but have less
instruction > 16 years ~ than 5 years schooling; went to school for 5 years or more but did not complete
old basic compulsory education, with respect to the total population aged 16 years and
over.
_Insufflc_lent Percentage of people aged between 16 and 29 years with low educational level,
instruction 16-29 - .
with respect to the total population aged from 16 to 29 years.
years old
Aging Percentage of population aged 65 or older respect to the total population.
Percentage of population born in countries other than the following: Spain, Austria,
Belgium, Cyprus, Denmark, Finland, France, Germany, Greece, Ireland, Iceland,
Born in low income Italy, Liechtenstein, Luxembourg, Malta, Monaco, Netherlands, Norway, Portugal,
countries Andorra, Germany, San Marino, Vatican City, Sweden, Switzerland, Canada,
a United States of America, Japan, Australia and New Zealand; respect to the total
g ;
8 population
o Percentage of population born in countries other than the following: Spain, Austria,
o . . Belgium, Cyprus, Denmark, Finland, France, Germany, Greece, Ireland, Iceland,
Born in low income . ;
E - S Italy, Liechtenstein, Luxembourg, Malta, Monaco, Netherlands, Norway, Portugal,
countries arriving in - . . -
é Spain after 2006 Andorra, Germany, San Marino, Vatican City, Sweden, Switzerland, Canada,
o United States of America, Japan, Australia and New Zealand, and who arrived in
g Spain between 2007 and 2011; respect to the total population.
w - -
A Borninlow income

Percentage of population born or with their father or mother born in countries other
than listed above, respect to the total population.

Population in single-
parent households

Population in households with a single-father who lives at least, with a child <25
years.
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Table 2: Percentage of death due to cardiovascular disease (CVD) attributable to the four
main behavioral risk factors in Spain for the year 2016 obtained from Global Burden Disease

(GBD).
Age Cause of Confidence
death Risk factor Measure Value interval
40-75 CvD Dietary risks % of total deaths ~ 46.34%  (30.69 — 68.89)
40-75 CVvD Tobacco % of total deaths  23.55%  (9.49- 50.59)
40-75 CVvD Low Physical Activity % of total deaths  6.86% (2.61-11.18)
40-75 CvD Alcohol % of total deaths  17.12%  (6.41-19.91)

S3: Spatial analysis results

Table 3: Results of the global spatial correlation analysis (Moran's Index) for the index models,
age-standardized rates of CVD and the deprivation index.

Morans Index
(p< 0.01)
Model 0 0.92
Model 1 0.92
CVD rate 0.28
Deprivation index 0.56
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