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Abstract

This thesis comprises five chapters in total, starting with a general introduction that
raises the issue of obesity as well as a brief description of the basic research ques-
tions of the dissertation, three main chapters involving the analysis of the Body
Mass Index (BMI) with a view to investigate the social, economic, cultural and
environmental factors driving and sustaining health disparities in obesity in Spain
and a chapter of concluding remarks stemming from the analysis made. In partic-
ular, the second chapter examines the evolution of obesity as well as the income-
related inequality in obesity over the past two decades in Spain, splitting by gender.
It also evaluates income inequality in obesity (measured by distribution sensitive
measures) by breaking it down to its main contributors. The results indicate that
obesity prevalence rates have been increasing over the last twenty years among the
Spanish population, as in most developed countries, however income-related in-
equality in obesity status, depth and severity has a declining trend mainly among
women. These findings may imply a switch in the basic determinants of obesity
across the income distribution; that is, BMI status might not be linked only to in-
dividual attributes, but changes in environmental influences across income groups
may be important as well. This is inextricably linked to the third chapter, where
we seek to understand the basic determinants of individual body weight and obe-
sity risk, by concurrently examining individual and regional characteristics within a
multilevel approach, to conclude that not only personal attributes but also environ-
mental characteristics (i.e., criminality and lack of green spaces) affect positively
individual and women s BMI and obesity. Driven by the spatial pattern of BMI that
is observed in this third chapter, according to which southern regions of Spain tend
to exhibit higher BMI levels than the northern ones, we proceed with chapter four.
In this fourth chapter we aim to contribute to the North to South health divide in
Spain, using decomposition techniques to analyse the main contributors of the BMI
gap between the North and the South of Spain. Our findings indicate that North to
South differences are significant only for women and that the largest share of this
gap is attributed to differences in endowments (mainly education) to the detriment
of women living in the South.
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1 Introduction

This PhD Thesis deals with a public health issue that is among the most burdensome
faced by the modern societies. In spite of intense public health focus to curtail grow-
ing levels of obesity worldwide, obesity remains one of the greatest contemporary
challenges to the health of the world population. Statistics indicate that obesity
rates have continued to rise the last decade, although at a lower pace than before
(OECD, 2017). The result is severe health implications since obesity is associated
with heightened risk of nearly every chronic disease (from diabetes, to poor mental
health), as well as substantial costs for the economy (direct and indirect) and soci-
ety. Obesity and related health problems, such as increased risk of heart attack and
stroke, drive up healthcare costs, reduce worker productivity and increase obesity-
related absenteeism. A large spectrum of intervention policies including unhealthy
(healthy) food taxing (price subsidy) measures, transport policies (e.g. subsidies
for active commuting instead of cars), school-based interventions, etc. have been
proposed and implemented, however OECD projections show a steady increase in
obesity rates until at least 2030 (OECD, 2017).

Obesity is most commonly defined using the body mass index (BMI) which is cal-
culated based on one s weight in relation to their height, that is, as the ratio of weight
in kg to the square of height in meters (known as the Quetelet index). In turn, body
weight is determined by a combination of factors that include genetics, metabolism,
as well as socioeconomic, cultural, and environmental influences, making obesity a
complex and multifaceted disease. In the present dissertation we will mainly deal
with the relationship between obesity and two of these determinants, the socioeco-
nomic and the environmental factors, for two basic reasons. First, because they are
among the largest contributors to overweight and obesity risk and second, because
they provide the greatest opportunity for policy interventions.

Spain is one of the countries where growth trends in overall obesity might be lev-
elling– off, however obesity and morbid obesity levels continue to climb. Adult
obesity rates in Spain are higher than the OECD average and childhood obesity
rates are amongst the highest in the OECD. This calls for further research focus-
ing in unmasking the interplay of different forces contributing to excess weight
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1 Introduction

gain. Aiming at providing as much information as we can with regard to the drivers
of obesity in Spain, we examine obesity from three different standpoints that are
though interconnected, with a view to provide relevant and useful information for
policy makers.

In Chapter 2 we focus on the relationship between Socio-economic Status (SES)
and obesity, and more specifically on the way income as a measure of SES and
obesity are associated to one another to describe the health status (proxied here
by obesity prevalence and two distribution-sensitive obesity measures, i.e. depth
and severity of obesity) of the poor in comparison to the rich. There is a large
volume of research that has identified a negative SES gradient in obesity (Sobal
and Stunkard, 1989; Nayga, 1999; Chou et al., 2004; McLaren, 2007; Garcia-Villar
and Quintana-Domeque, 2009; Sassi et al., 2009; Lakdawalla and Philipson, 2009;
Baum and Ruhm, 2009), while when focusing on the Spanish case, several stud-
ies report income-related inequalities in obesity as well (Costa-Font and Gil, 2008;
Costa-Font et al., 2010a; Rodriguez-Caro et al., 2016; Merino Ventosa and Urbanos-
Garrido, 2016). Aiming to provide first European evidence, we do not evaluate
income inequality only in obesity status, but also in its depth and severity, as the
health risks associated with being obese are increasing even more at the top of the
BMI distribution (Willett et al., 1999; Freedman et al., 2002; Zabarsky et al., 2018).
We start by examining both changes in obesity rates as well as in income-related in-
equality in obesity over time using Spanish individual-level and cross-section data
from the past two decades. In order to observe the main factors explaining income-
related inequality in obesity, we decompose the overall inequality in obesity status,
depth and severity to its main contributing factors (as in Bilger et al. (2017)). To
achieve that, we make use of the Spanish data from the National Health Survey
of Spain (ENSE), comparing two points in time (2017 with 1997) and splitting by
gender. Our findings show that SES inequality in obesity status considerably differs
by gender in agreement with the literature, while based on our decomposition re-
sults income is remarkably the most important (negative) contributor to the overall
income inequality in obesity status, playing education a more modest role. Overall,
obesity is concentrated among the poor in Spain since the CI is always negative
and statistically significant, but the degree of inequality has a declining trend, even
though all three measures of obesity increase over the years. This finding may re-
flect significant changes on the key determinants of individual obesity risk over the
past years. A possible change could be the increasing importance of the character-
istics of the built and food (obesogenic) environment in shaping the lifestyle and
eating habits of the individuals. An emerging question then is, what can be inferred
when we concurrently account not only for personal but also social environmental

2
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With a view to answer this question, we move to Chapter 3 of the Thesis. In this
chapter, we seek to understand the determinants of individual body weight status
and obesity risk in Spain by concurrently examining individual and regional char-
acteristics. An influential strand of the obesity literature argues that environmental
influences (e.g., distance to grocery stores, parks, neighbourhood safety, green ar-
eas) represent the public health arm of the obesity problem (Egger and Swinburn,
1997; Mark Austin and Spine, 2002; Cubbin et al., 2006). In addition, according to
Costa-Font and Gil (2008), sociocultural contexts of obesity are recognized as key
factors that account for the development of an individual s weight. To reach our pur-
poses, we carry out a multilevel analysis using data from the National Health Survey
of Spain (ENSE) for the year 2011–2012. Our objective is to disentangle the dif-
ferent influences on individual weight status and obesity risk with our contribution
lying on the model specification. It is our belief that previous studies have failed
to take into account regional and individual characteristics in tandem when dealing
with obesity. In this study, therefore, we control for personal characteristics as well
as higher level geographic variations that may cause the body mass index (BMI) to
rise above normal levels. Our contribution is to illustrate how individual weight sta-
tus and obesity risk are explained by individual and regional characteristics – both
in the immediate environment and in the broader setting – exploiting the hierarchi-
cal structure of the data, in a multilevel (ML) regression model. We conclude that
both group and individual effects play a key role in understanding BMI and obesity
and we provide evidence that our proxies of the social environment (criminality and
green spaces) have a positive and statistically significant effect on female BMI and
the prevalence of obesity. Another particularly interesting aspect of this application
is that the institutional setting of Spain is very suitable for this kind of analysis, i.e.
for an analysis that takes into account geographical influences. Notably, because
of the country’s decentralized health care system with health competencies having
been devolved to the Autonomous Communities (ACs), disparities are conspicuous
even within Spain, making the country even more interesting to study. More specif-
ically, the obesity epidemic seems to be affected by the country’s diverse population
and severe income inequality, something captured by the random effects we include
in the analysis as well as by the mapping of the BMI and Income distribution. The
data confirm that the average self-reported BMI at the provincial level is higher in
the southern part of Spain than in the northern part of the country (while income
distribution presents the opposite pattern), which constitutes the main motivation of
Chapter 4.
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1 Introduction

In this fourth Chapter, we decompose regional differentials in BMI between north-
ern and southern Spanish regions. First, we decompose the observed average gap
into the part attributed to differences in observable determinants of BMI (i.e. the
endowments) and the part that is due to differences in the return to observable char-
acteristics, using the classical Oaxaca-Blinder (OB) decomposition. Second, as long
as important differences in BMI occur away from the average, we proceed with a
distributional analysis by applying the Recentered Influence Function (RIF) regres-
sion and the corresponding decomposition (Firpo et al., 2009; Fortin et al., 2011).
The RIF regression enables obtaining evidence along the unconditional distribution
of BMI, which is especially important for the design of health and food policies.
Our main contribution lies in the fact that we decompose regional differences in
BMI along its unconditional distribution and this way, we are able to observe what
happens at every part of the distribution and subsequently draw conclusions for the
more interesting tails: the upper one (obesity, severe obesity) and the lower (under-
weight) where relationships might vary. The analysis is carried out separately by
gender, as the underlying mechanisms that affect BMI and health outcomes in gen-
eral appear to be different for women and men. Our findings indicate that the South
to North gap in BMI is mostly driven by women, whereas it is lower and not statisti-
cally significant for men. The distributional analysis reveals that the South to North
gap in BMI for Spanish women tends to increase over its unconditional distribu-
tion, with observable factors (especially schooling) making a growing contribution
in explaining the differential across the quantiles of BMI. Given that the education
gradient in obesity seems to be much stronger in women than in men (as in Devaux
et al. (2011)), efforts aimed at improving (years of) schooling for women in the
South would substantially mitigate differences in overweight and obesity between
the two groups of regions. Such a policy intervention would additionally reduce
differences in obesity-related diseases and/or improve health in general, inasmuch
as obesity constitutes a key risk factor for many chronic conditions and health com-
plications. These results appear to be robust to alternative scenarios dealing with
missing information, BMI bias and alternative grouping of regions.

4



2 Decomposing income-related

inequalities in obesity status, depth

and severity in Spain.

2.1 Introduction

The world is threatened by a huge epidemic of obesity with data showing disap-
pointing results in the coming years as well. According to recent statistical ev-
idence, almost 39% of adults were overweight and 13% obese in 2016 (WHO,
2017). Paralleling the obesity crisis in the US, Europe is confronted by a simi-
lar obesity challenge and even though researchers and health authorities argue that
they have advanced their understanding on this epidemic, obesity rates still remain
in extremely alarming levels. Recent data shows that Spaniards rank among the first
in obesity rates in Europe, while steep rises in obesity are projected for the follow-
ing decade as well (OECD, 2017). These trends come with adverse health related
consequences and are accompanied with direct and indirect costs. At the increased
risk of morbidity we find several types of cancers (breast, prostate and colon can-
cers), hypertension, stroke, type 2 diabetes or respiratory problems (Rose, 1998).
From the economic point of view, obesity is associated with excess health care
expenditure and indirect costs in the form of foregone productivity and economic
growth or obesity related absenteeism (Wolf and Colditz, 1998; Vazquez-Sanchez
and Lopez-Alemany, 2002; Sander and Bergemann, 2003; Finkelstein et al., 2004;
Raebel et al., 2004; Finkelstein et al., 2005; Borg et al., 2005; Von Lengerke et al.,
2006; Nakamura et al., 2007; Muller-Riemenschneider et al., 2008; van Baal et al.,
2008; Cawley and Meyerhoefer, 2012; Wolfenstetter, 2012; Mora et al., 2015; Spec-
chia et al., 2015; Goettler et al., 2017).

In light of these evidence, there has been a push to study the link between obe-
sity and its most important determinants. Researchers from several fields have ap-
proached the issue from different standpoints, however in this paper we will fo-
cus on the relationship between socioeconomic status (SES) and Body Mass Index
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2 Decomposing income-related inequalities in obesity status, depth and severity in Spain.

(BMI) and more specifically on the way income and BMI categories are associated
to one another to describe the health status (proxied here by obesity measures) of
the poor in comparison to the rich. The mechanism is clear, as there are various
pathways by which income can relate to excess body weight and obesity. Better-
off individuals for example, can afford healthier food, and high income is linked
to higher health literacy which in turn, is positively related to health-promoting be-
haviors (i.e. healthy diet, regular physical activity, etc.). The mediating effect of
stress in shaping the association between socio-economic position and obesity has
been also obserevd in previous literature (Moore and Cunningham, 2012). The fact
that obesity is predominant among individuals with low SES is also supported em-
pirically, since a large volume of research (e.g. Lakdawalla and Philipson (2009);
Jolliffe (2011) has identified that a socioeconomic gradient exists in obesity which
is however different by gender (Ergin et al., 2012; Devaux and Sassi, 2013; Mark-
wick et al., 2013). Many studies have considered possible gender differences in the
association between socio-economic indices and obesity prevalence as diversity in
both biological and social attributes has given rise to different health outcomes be-
tween genders. But when analysing obesity, there is a need to account for the long
right tail of the BMI distribution (overweight, obese and morbidly obese statuses)
to properly evaluate the cost of this epidemic, however just a handful of studies
analyse what happens beyond the obesity threshold.

That said, the purpose of this study is twofold. We firstly want to examine both
changes in obesity rates as well as in income-related inequality in obesity over time
splitting by gender for the case of Spain. These are relevant questions not only for
the health economics literature but also for the development economics literature,
as there are very important policy implications linked to correctly understanding
these relationships, i.e. the distribution of obesity between the female and male
populations represents a useful proxy variable for measuring gender equality at the
country level1. Second, we seek to understand which are the main factors that ex-
plain income inequality in obesity, which is their share in the overall inequality, as
well as whether their contribution changes at different points in time, comparing
our results for 2017 with 1997. For the measurement of obesity, we use distribution
sensitive measures which allows us to have a clear idea on the relationships along
the whole distribution of BMI.

1According to Ferretti and Mariani (2017) focusing on measuring gender inequality and in wom-
ens empowerment is essential to understand the determinants of gender gaps, evaluate policies and
monitor countriess progress.
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several waves of the Spanish National Health Survey (ENSE) and the European
Health Interview Survey (EHIS) spanning the last two decades in Spain, from 1997
to 2017. Specifically, this long time horizon covering diverse stages of the economic
cycle with booms and busts is used to show trends in obesity prevalence as well
as the evolution of the income-related inequality in obesity. In the decomposition
analysis, we first focus on the latest available wave of ENSE- 2017 to exhibit which
are the main contributing factors to the overall inequality in Spain, differentiating by
gender and thence compare our results to the main contributing factors to the overall
inequality in obesity back in 1997.We contribute on that we make use of distribution
sensitive measures of obesity being this the first application with European data, so
as to be able to compare these new evidence with the US findings. Analyzing the
whole distribution of BMI is of extreme importance as there are increased health
risks the further we move from the obesity threshold. We find that depth and severity
of obesity is much greater for the poor than the non-poor in Spain, as well as that
income inequality in obesity has decreased substantially during the past two decades
for the case of women.

2.2 Literature Review

The literature has widely evidenced a positive income-health gradient (Johnston
et al., 2009; Powdthavee, 2010; Carrieri and Jones, 2016; Frankenberg et al., 2016;
Davillas et al., 2017). More relevant to our study, the existence of a negative gra-
dient or relationship between SES (measured basically through the income or edu-
cation) and BMI or obesity has been largely witnessed as well (Nayga, 1999; Chou
et al., 2004; Lakdawalla and Philipson, 2009; Baum and Ruhm, 2009). In their sem-
inal paper Sobal and Stunkard (1989) argue that obesity is associated with lower
SES in women in high-income countries, whereas this pattern is not observed in
men. Unlike, in low/ middle-income countries obesity can be positively associated
with well-being. In a similar vein, McLaren (2007); Garcia-Villar and Quintana-
Domeque (2009); Sassi et al. (2009) argue that the SES gradient in obesity is only
observed in women in high-income countries.

Making use of the Concentration Index (CI), Zhang and Wang (2004) find that the
inverse association between SES and obesity status is stronger in women than in
men (and weaker in minority groups). Among other studies Ljungvall and Gerdtham
(2010) analyse SES-related inequalities in obesity using longitudinal data for a
Swedish cohort and find that among females, inequalities in obesity favor the rich,
but the inequality declines over time. They attribute this finding mainly in in-
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creased obesity prevalence, because in absolute terms obesity has increased uni-
formly across income groups. They also find that income is the main driving factor
behind obesity inequality. On the basis of absolute and relative inequality indexes,
Devaux and Sassi (2013) observe large and persistent social inequalities in obesity
and overweight by education level and socio-economic status in OECD countries,
that are larger in women than men.

For the case of Spain, several studies report the existence of SES-related inequali-
ties in obesity (Costa-Font and Gil, 2008; Costa-Font et al., 2010a; Rodriguez-Caro
et al., 2016; Merino Ventosa and Urbanos-Garrido, 2016). For example, Costa-Font
and Gil (2008) and Costa-Font et al. (2014) document persistent income-related in-
equalities in obesity in Spain. More specifically, examining cross-country trends
in income inequalities in unhealthy lifestyles (obesity, smoking and alcohol intake)
between Spain and the UK, they show that inequality in obesity appears to increase
in Spain by 50% among females from 1987 to 2006. Merino Ventosa and Urbanos-
Garrido (2016) contribute to the literature by providing complementary evidence to
previous estimations regarding SES inequalities in obesity, using path analysis to
disentangle the direct and indirect effects of SES on obesity. They use corrected
concentration indices (CCI) to measure inequality and find that significant pro-rich
inequality exists in obesity, particularly for women. They make use of dietary pat-
terns, physical activity and sleep habits that act as mediator variables and find that
the indirect effects of SES on obesity (those transmitted via mediator variables) are
quite modest.

A limitation of these studies however (Rodriguez-Caro et al. (2016) being the excep-
tion) is that they focus on the prevalence of obesity and hence on the obesity thresh-
old, neglecting the BMI distribution beyond this point and their implied inequalities.
Certainly, a continuous BMI measure is converted into a discrete outcome using a
standard cut-off point (i.e., BMI � 30) which is translated to a loss of important in-
formation (Jolliffe, 2004). However, it is well-known that the health risks associated
with being obese are increasing even more at the top of the BMI distribution (Willett
et al., 1999; Freedman et al., 2002; Zabarsky et al., 2018). That said, to avoid this
loss of information there is a need to look beyond the obesity threshold (Madden,
2006). To overcome this issue, Jolliffe (2004, 2011) borrowed heavily from the
poverty literature and slightly modified the Foster-Greer-Thorbecke (FGT) index,
which was originally introduced by Foster et al. (1984) to measure poverty. Specif-
ically, he sets up a class of overweight indices expressing the depth and severity
of the problem as the excess BMI above the overweight threshold and the squared
excess, respectively. This method addresses two important weaknesses of the preva-
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lence measure. Firstly, excess BMI gap and squared BMI gap addresses the prob-
lem of too much emphasis placed at the selected threshold, i.e. these measures are
more robust to measurement error near the threshold. Secondly, a distinction of the
just slightly overweight or obese and the completely or morbidly obese is possible,
which is more insightful in terms of public health policy recommendation. This
analysis was further extended by Bilger et al. (2017) who contributes to the litera-
ture by combining the FGT measure with the standard concentration index (CI) to
gain further insight on the SES gradient of obesity, when obesity is not only mea-
sured in prevalence terms, but when its depth and severity indices are also analyzed.
They utilize the US NHANES data from 1971-2012 to evidence that income in-
equality in obesity prevalence has almost disappeared during these years; however,
when distribution sensitive measures of obesity are analyzed, depth and severity of
obesity seems to continue disproportionally affecting the poor. They continue with
decomposing these FGT - concentration indices (FGT-CIs), to the contribution of
the basic factors responsible for the overall inequality.

Following Bilger et al. (2017) and with a view to analyze the income-related in-
equality in obesity and at the same time not to limit our analysis only to obesity
status but also investigate the often neglected distribution of BMI above the obe-
sity threshold, we combine these two measures the following way; i.e. applying
the FGT transformation to our variable of interest (obesity) and then calculating the
CI of this transformed variable after ranking the observations according to our SES
status variable of choice (income).

2.3 Method

As already mentioned, we use distribution-sensitive measures of obesity for the
worse-off and the better-off individuals as in Jolliffe (2011) and Bilger et al. (2017).
To achieve that, we start by using the modified FGT index as follows:

Y =

⎧⎨
⎩
(BMI− c)α ifBMI � c

0 otherwise
(2.1)

where c is the obesity threshold and α is a parameter weighting the deviation above
the obesity cut-off point. When α=0, Y provides a measure of obesity status indicat-
ing whether the individual is obese or not. When α =1, Y measures how far above
the obesity threshold BMI of obese individuals are, providing a measure of depth
of obesity, while in the case where α=2, Y yields a severity measure of obesity and
is measured as the squared excess BMI over the obesity threshold. In this paper, we
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2 Decomposing income-related inequalities in obesity status, depth and severity in Spain.

are interested in the distribution of the above three measures according to income 2 .

The next basic step of the analysis is the measurement of inequality in the distribu-
tion of the above three obesity measures. The concentration index (CI) has become
the standard tool to quantify income-related inequalities in a health measurement
(Kakwani, 1977; Kakwani et al., 1997; Wagstaff et al., 1991; Wagstaff and van
Doorslaer, 2000; O’Donnell et al., 2008, 2016) and is frequently used in the obesity
literature (Zhang and Wang, 2004; Costa-Font and Gil, 2008). This index relates
the concentration of a health variable with the cumulative rank of the income distri-
bution. It can be computed with individual-level data as follows:

CI =
2

Nμ

N

∑
i=1

hiRi−1 (2.2)

where hi (i=1,..,N) is the obesity rate (or health variable) of the individual i, μ de-
notes its mean value and Ri is the relative income rank of the person i. Notice
that the CI is a measure of relative inequality, so that a small change of everyone s
obesity (health) leaves the CI index unchanged. The CI ranges between -1 and +1
which makes the comparison of inequality between years, groups as well as pop-
ulations possible. In the case where the health variable of interest corresponds to
a measure of ill health (i.e., obesity), negative values of the CI indicate that this
variable is concentrated among the worse-off, which means that inequalities favor
the high-SES individuals (pro-rich). A zero value of the index represents an equal
distribution of obesity across income.

As a next step, we combine these two measures (i.e. the FGT and CI) as in Bil-
ger et al. (2017) and compute FGT-CIs separately for the status, depth and sever-
ity of obesity. These inequality indexes are calculated, as usual, on the basis of a
convenient regression formula in which a fractional rank variable is created (Kak-
wani et al., 1997; O’Donnell et al., 2008). Due to the fact that obesity prevalence
is a binary measure and because of problems associated with bounded variables,
Wagstaff (2005) and Erreygers (009a) propose different correction methods with
a view to overcome these issues3. Both corrections satisfy the mirror condition

2The value of these measures is really important and can be depicted for instance, in the situation
where an already obese individual gains weight and increases her BMI. In such a case, the weight
gain affects the individuals health, something that is not reflected in the prevalence measure of
obesity, in contrast to the other two measures.

3These drawbacks have been previously discussed in relevant literature and include 1) problems
associated to the minimum and maximum values of the CI calculated on the basis of a binary variable
that depend upon the mean of this variable making comparison of populations with different mean
health levels problematic (Erreygers, 009a), 2) the non-satisfaction of the mirror property (Clarke
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(Erreygers and Van Ourti, 2011), but following (Costa-Font et al., 2014) we apply
the Erreygers correction 4 for the CI of obesity status which is calculated as follows:

CCI =
4μ

hmax−hmin
∗CI (2.3)

where hmax and hmin denote the maximum and minimum values or bounds of the
prevalence of obesity, respectively, and CI is the concentration index calculated as
indicated.

It should be noted that in contrast to the CI for obesity status, the CI for the depth
and severity of obesity is not only affected by the rank of the income distribution
of the individuals that exceed the threshold, but also from the extent in which this
threshold is exceeded. Given the non-linearity of the indices (problem of excess of
zeros or non-obese and highly right-skewed distribution of positive values) a Two
Part Model (TPM) approach is used (e.g. Duan et al. (1983); Pohlmeier and Ulrich
(1995)), as in Bilger et al. (2017). This is the appropriate method for such analy-
ses, as the values that lie below the obesity threshold do not contribute to the FGT
measures (i.e. the zero values taken are true zeros). We proceed and use the van
Doorslaer and Koolman (2004) approximation of the Wagstaff et al. (2003) decom-
position of the CI as follows:

CIY =
k

∑
k=1

∂ε̄(Y |X)

∂xk

x̄k
μ
CIk+GCε (2.4)

CIY is the CI of the variable Y, CIk is the CI of the factor χk, μ is the sample aver-
age of Y, x̄k the sample average of factor xk , ∂ε̄(Y |X)

∂xk
, the average marginal effect

of factor xk on Y obtained from the TPM estimates and finally GCε the generalized
CI of the regression residuals.

We continue with the decomposition of the estimated FGT-CIs into their main con-
tributors, that is, factors that are correlated both with obesity and income. The sta-
tistical package available from Bilger et al. (2017) in Stata allows us to decompose

et al., 2002; Erreygers et al., 2012), 3) the arbitrary nature of the index in the cases where the health
variable has a qualitative nature, 4) the fact that when the health variable is binary, the limits of the
CI are not necessarily -1 and +1 (Wagstaff, 2005)

4Erreygers corrected CI has been found insensitive to any feasible equal addition to the health
variable (Erreygers and Van Ourti, 2011)
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2 Decomposing income-related inequalities in obesity status, depth and severity in Spain.

the overall income-related inequality in obesity into the contribution of each factor
by means of the TPM which determines how our control variables are associated
with overall income inequality. Regarding the specification of the first part of the
TPM, we apply a Logit model as in Bilger et al. (2017). For the second part, we
choose a generalized linear model (GLM, Nelder and Wedderburn (1972)) as this
family offers many alternatives to the linear model that are suitable to skewed data5

.

2.4 Data & Model Specification

We base our analysis on combining several waves of cross-section data gathered
from the ENSE (Spanish National Health Survey) and from the Spanish version
of the EHIS (European Health Interview Survey) ranging from 1997 to 2017. The
National Health Survey of Spain (ENSE) is a periodic study conducted by the Min-
istry of Health, Consumption and Social Welfare and collects health information
on the entire population on health status, personal, social and environmental deter-
minants of health and the use and access to health services. The European Health
Interview Survey (EHIS) has very similar characteristics and aims at measuring
on an harmonized basis and with a high degree of comparability among Member
States (MS) the health status (including disability), health determinants (including
environment), use and limitations in access to health care services of the EU citi-
zens, as well as background variables on demography and socio-economic status.
Specifically, with this 20 years of data we calculate trends in obesity status, depth
and severity as well as the evolution of income related inequalities for these three
obesity indexes. Weight and height of the respondents is self-reported 6 and this
information is used to calculate the individual BMI according to the usual formula,
i.e. (weight in kilograms divided by the square of height in meters). We use house-
hold income to compute equivalent net income (in logs) which is used as our rank
variable 7.

For the purpose of the decomposition analysis we first analyze the latest available

5We used the Box- Cox (Box and Cox, 1964) and Park (Park, 1966; Manning and Mullahy,
2001) tests to determine the GLM link function and distribution family.

6The correcting formulas for Spain provided by Gil and Mora (2011) are used in order to make
sure the data do not suffer from significant measurement error.

7As household earnings are measured as a categorical variable with 8 response categories in our
datasets, we employ an interval regression model based on information of the head of the household
(age, gender, education, SES and region of residence) to obtain a continuous income measure. Once
predicted, we divide it by an equivalence factor (equal to the number of household members elevated
to 0.5) to adjust for differences in household size.
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data for 2017 and subsequently compare them to the 1997 data aiming to draw con-
clusions for a sufficiently long time span where obesity grows quite a lot and very
importantly to compare the contribution of each inequality determinant. Concern-
ing the 2017 wave, interviews on 29,195 individuals are carried out and correspond
to 23,089 adults (15 and over) and 6,106 minors (0-14 years). We discard indi-
viduals with no information on either weight or height (649 obs.). A number of
observations (5,570 obs.) have missing income information which leaves us with
17,519 observations in total. There are 6,400 individuals interviewed in 1997, out
of which we discard 860 due to the fact that they have missing information on ei-
ther weight or height. We also discard the individuals with missing information on
income which leaves us to a sample of 4,331 persons. We decompose the previ-
ously estimated FGT-CIs of obesity differentiating by gender. As our basic control
variables (Table 2.7 Appendix) we use dummies of age cohorts, marital status, em-
ployment status, completed level of education (compulsory education, secondary
post-compulsory education, tertiary education), equivalent net monthly income (in
logs), sedentarism, as well as dummies of daily smoking and alcohol, fruit, pasta,
vegetable, legume and meat consumption, controlling also for region of residence.

2.5 Results

2.5.1 Trends in Prevalence, Depth and Severity, 1997-2017

Figure 2.2 (Appendix) presents the evolution of the three obesity measures (pooled
sample and by gender) demonstrating an increasing trend in their evolution from
1997 until 2017. The rise is more pronounced in depth and severity compared to
obesity status and larger for women than men when observing the distributional
measures, witnessing that while roughly the same amount of women and men are
obese, women lie further beyond the obesity threshold than men.

2.5.2 Trends in Concentration indices of Status, Depth and

Severity, 1997-2017

Table 2.1 exhibits trends of income-related inequality in status, depth and sever-
ity of obesity over the years (measured by the CI (CCI for status) separately for
women and men). First of all, as can be seen all measures are negative and statisti-
cally significant evidencing that obesity disproportionately affects the poor in Spain.
Secondly, although the prevalence of obesity rises continually across the years, our
results show that income-related inequality has remarkably decreased over the years
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under examination in all three measures of obesity (-0,10 vs -0,08, -0,22 vs -0,16
and -0,28 vs -0,18 respectively). Interestingly, when differentiating by gender, we
evidence that the decrease in inequalities over time are basically driven by women
and is sharper for severity and depth compared to the status measure.

Table 2.1: Trends in the CI

Status* Depth Severity

Females Males Pooled sample Females Males Pooled sample Females Males Pooled sample
1997 -0,16 -0,05 -0,10 -0,27 -0,13 -0,22 -0,30 -0,12 -0,26
2001 -0,11 -0,06 -0,08 -0,14 -0,08 -0,20 -0,15 -0,13 -0,24
2003 -0,11 -0,03 -0,08 -0,20 -0,09 -0,16 -0,21 -0,07 -0,17
2006 -0,14 -0,06 -0,09 -0,26 -0,11 -0,16 -0,25 -0,09 -0,15
2011 -0,11 -0,07 -0,09 -0,20 -0,13 -0,17 -0,24 -0,15 -0,21
2014 -0,12 -0,05 -0,09 -0,17 -0,13 -0,16 -0,16 -0,19 -0,18
2017 -0,12 -0,05 -0,08 -0,19 -0,13 -0,16 -0,18 -0,17 -0,18

*: The CI for obesity status is corrected using the Erreygers correction formula.

Overall, data shows that obesity is concentrated among the poor in Spain since the
CI is always negative and statistically significant, but the degree of inequality has
a declining trend, even though obesity prevalence, as well as depth and severity in-
crease over the years.

A thorough understanding of trends in the relationship between SES and obesity
will provide useful insights for developing effective intervention programs and poli-
cies. In order to have a general picture of the shape of the BMI distribution for
different levels of income, Figure 2.1 which depicts the BMI distribution of indi-
viduals belonging to the lowest income quantile versus the BMI distribution of the
ones belonging to the highest income quantile is presented for the whole period an-
alyzed. The results clearly indicate that there are important differences in the shape
of the distributions between the two populations, with the BMI distribution of the
worse-off being less-peaked indicating greater spread in the tails and as expected,
shifted towards the right. We also notice important changes in the distribution of
BMI between the poor and non-poor over time. Specifically, the shape of the two
distributions appears to become more and more similar over time, resulting in just
slight differences between the two populations in 2017 (distribution of the worse-off
has a slightly higher dispersion than the one of the better-off individuals) in highly
contrast with 1997 where differences in shapes are much more pronounced.
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Figure 2.1: Distribution of BMI for poor vs non-poor over time

2.5.3 Decomposition Results: 2017

For more insight, we proceed with the decomposition of total inequality in obesity
status, depth and severity. Initially, we focus on the latest data available, i.e. the
2017 wave. As we notice important differences between women and men, we report
the results differentiating by gender. In general, overall income inequality in obesity
status is much higher for women (-0,119) than men (-0,053), in line with Bilger et al.
(2017). Surprisingly, when we move from obesity prevalence to depth and severity,
inequalities for women increase with a lower pace than in men (from -0.12 to -0.19
and -0.18 vs from 0.05 to -0.13 and -0.17, respectively). In more detail, we analyze
income-related inequality in obesity by breaking down the estimated FGT-CIs into
their main conditioning factors and check the contribution of each control to the
overall inequality. As a last step of our analysis, we compare these results with
the results obtained by the 1997 wave (detailed decomposition results for 1997 are
shown in the tables 2.8 to 2.11 of the Appendix ).
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Obesity Status

In Tables 2.2 and 2.3 we present the detailed results that correspond to the decom-
position of the income inequality in obesity status (measured by the CCI) separately
for women and men in 2017. The contribution of the controls/factors to the overall
inequality can be negative or positive. A negative (positive) contributor is inter-
preted as if such factor was evenly distributed across income where the correspond-
ing CCI would fall (rise) in the magnitude of the coefficient size. For the case of
women, having tertiary education, equivalent income and being employed are the
basic negative contributors to the income inequality for obesity status, with income
constituting the most important factor with the largest contribution to the overall
inequality (66.3%). The negative contribution of education is expected, as higher
education is concentrated among the better-off individuals and higher BMI is asso-
ciated with low educational attainment, however its importance is strongly modest
(roughly 9%). The same applies for the role of equivalent income as well.

Belonging to the oldest age group, being inactive and tertiary education are impor-
tant negative contributing factors to the income inequality in obesity status for the
case of men. The negative contribution of income is large (37.6%) and significant
as in the female case, though with a slightly lower contribution to the overall in-
equality. Unlike the female case, the contribution of daily smoking and sedentarism
is significant and positive. Indeed, high income individuals are usually occupied in
positions that do not require physical activity and even though sedentarism is posi-
tively associated with higher BMI levels, its contribution to the overall inequality is
positive.
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Table 2.2: Decomposition of the income related inequality in obesity status-Women.

Women, 2017

elasticity concentration contribution %

Age2 0,03 0,05 0,00 0,37

Age3 0,07 0,04 0,00 0,73

Age4 0,07 0,05 0,00 0,83

Age5 0,24 -0,15 -0,04 8,55

Married 0,05 0,20 0,01 2,56

Widowed 0,02 -0,14 0,00 0,62

Divorced/separated 0,00 -0,07 0,00 0,01

Demographics 13,66

Loginc -1,98 0,14 -0,28 66,28

Secondary -0,05 0,11 -0,01 1,48

Tertiary -0,10 0,31 -0,03 7,26

Employed -0,04 0,39 -0,02 4,23

Inactivity -0,03 -0,22 0,01 1,52

SES 80,77

Dailysmoker -0,05 0,02 0,00 0,28

Dailydrink 0,00 0,05 0,00 0,01

Sedentarism 0,08 -0,01 0,00 0,14

Dailycarne 0,01 0,01 0,00 0,01

Dailypasta 0,00 -0,03 0,00 0,02

Dailyfruits 0,01 0,09 0,00 0,21

Dailyveg 0,04 0,19 0,01 2,07

Dailyleg 0,00 0,00 0,00 0,08

Lifestyle 2,82

ccaa_2 -0,01 0,00 0,00 0,01

ccaa_3 0,00 0,04 0,00 0,03

ccaa_4 -0,01 0,01 0,00 0,01

ccaa_5 0,00 -0,03 0,00 0,02

ccaa_6 -0,02 0,00 0,00 0,02

ccaa_7 -0,02 0,01 0,00 0,03

ccaa_8 0,00 0,00 0,00 0,00

ccaa_9 -0,02 0,03 0,00 0,18

ccaa_10 0,00 -0,01 0,01 2,13

ccaa_11 0,00 -0,02 0,00 0,01

ccaa_12 0,00 -0,04 0,00 0,03

ccaa_13 -0,01 0,05 0,00 0,11

ccaa_14 -0,01 -0,01 0,00 0,01

ccaa_15 0,00 0,04 0,00 0,02

ccaa_16 -0,01 0,07 0,00 0,15

ccaa_17 0,00 0,02 0,00 0,00

ccaa_18 0,00 -0,01 0,00 0,00

ccaa_19 0,00 -0,01 0,00 0,00

Region 2,75

CCI:-0,119

Note: Statistically significant contributors in bold.
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Table 2.3: Decomposition of the income related inequality in obesity status-Men.

Men, 2017

elasticity concentration contribution %

Age2 0,06 0,07 0,00 2,83

Age3 0,10 0,01 0,00 0,90

Age4 0,09 0,03 0,00 1,80

Age5 0,11 -0,12 -0,01 8,54

Married 0,07 0,04 0,00 1,79

Widowed 0,01 -0,01 0,00 0,03

Divorced/separated 0,00 0,02 0,00 0,02

Demographics 15,90

Loginc -0,40 0,15 -0,06 37,62

Secondary -0,02 0,03 0,00 0,50

Tertiary -0,06 0,35 -0,02 14,29

Employed 0,01 0,42 0,01 3,51

Inactivity 0,09 -0,21 -0,02 12,50

Ses 68,42

Dailysmoker -0,03 -0,09 0,00 1,60

Drink 0,00 0,02 0,00 0,01

Sedentarism 0,05 0,08 0,00 2,60

Dailycarne 0,02 0,04 0,00 0,52

Dailypasta -0,01 -0,01 0,00 0,05

Dailyfruits -0,06 0,12 -0,01 4,44

Dailyveg 0,03 0,11 0,00 1,85

Dailyleg 0,00 -0,01 0,00 2,39

Lifestyle 13,47

ccaa_2 -0,01 0,03 0,00 0,17

ccaa_3 0,00 0,02 0,00 0,03

ccaa_4 -0,01 0,02 0,00 0,06

ccaa_5 0,00 -0,03 0,00 0,05

ccaa_6 -0,02 -0,02 0,00 0,16

ccaa_7 -0,02 0,00 0,00 0,01

ccaa_8 0,00 -0,02 0,00 0,05

ccaa_9 -0,02 0,05 0,00 0,68

ccaa_10 0,00 -0,01 0,00 0,01

ccaa_11 0,00 -0,06 0,00 0,07

ccaa_12 0,00 -0,02 0,00 0,04

ccaa_13 -0,01 0,07 0,00 0,40

ccaa_14 -0,01 -0,01 0,00 0,05

ccaa_15 0,00 0,05 0,00 0,06

ccaa_16 -0,01 0,06 0,00 0,36

ccaa_17 0,00 0,02 0,00 0,01

ccaa_18 0,00 -0,01 0,00 0,01

ccaa_19 0,00 0,00 0,00 0,00

Region 2,21

CCI : -0,054

Note: Statistically significant contributors in bold.
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Depth and severity of obesity

We proceed with the decomposition of our FGT-CIs for depth and severity of obe-
sity into their determinants across the income distribution (shown in the following
Tables 2.4 and 2.5) to see how relationships change when we take into account how
far above the threshold obese individuals are. In more detail, the CIk measures in-
come inequality in the factors themselves, ηk is the elasticity of the FGT-CIs obesity
measure with respect to factor and quantifies the association between such factors
and the obesity measure. Last, both tables exhibit the contribution of each factor
to the overall FGT-CI in values as well as in percentages. Again, significant differ-
ences are observed between women and men, leading to an analysis differentiated
by gender.

For women, tertiary education and income are the main negative contributors with
the contribution of education becoming now larger than the direct effect of income.
Being married and having a sedentary job are the basic positive contributors to the
overall income inequality in depth as well as severity of obesity. Inactivity also con-
tributes positively to the overall inequality in depth and when moving from depth
to severity its contribution becomes even stronger. The main negative contribution
comes in principle from tertiary education and income for the case of men, with in-
activity being also negative and statistically significant. Sedentarism is statistically
significant and positive both for depth and severity, but being married has a negative
contribution unlike the case of women.

In general, the main drivers of the differences between the two genders are marital
status and employment status as being married has a positive (negative) contribution
for women (men) while inactivity contributes positively for women and negatively
for men. On the other hand, tertiary education is the most significant negative con-
tributor to the overall inequality for all measures of obesity and both genders, with
the contribution becoming stronger and stronger as one moves form status to depth
and severity.
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2 Decomposing income-related inequalities in obesity status, depth and severity in Spain.

Table 2.4: Decomposition of the FGT-CI of depth and severity of obesity-Women.

Women, 2017

Depth Severity

Variable CIk ηk CIY k % ηk CIY k %

Age group(reference : age1)

Age2 0,052 0,060 0,003 1,10 0,044 0,002 0,58

Age3 0,103 0,121 0,012 4,41 0,125 0,013 3,25

Age4 0,089 0,072 0,006 2,27 0,040 0,004 0,90

Age5 -0,105 0,130 -0,014 4,83 0,061 -0,006 1,62

Married 0,089 0,119 0,011 3,75 0,127 0,011 2,86

Widowed -0,152 0,011 -0,002 0,59 0,014 -0,002 0,54

Divorced/separated -0,189 0,010 -0,002 0,67 0,007 -0,001 0,33

Education (reference: Primary)

Secondary 0,020 -0,150 -0,003 1,06 -0,207 -0,004 1,05

Tertiary 0,472 -0,199 -0,094 33,23 -0,243 -0,115 28,99

Employed 0,190 -0,014 -0,003 0,94 -0,191 -0,036 9,17

Inactivity -0,106 -0,100 0,011 3,75 -0,860 0,091 23,04

Loginc 0,046 -1,680 -0,077 27,34 -1,067 -0,049 12,41

Dailysmoking 0,008 -0,098 -0,001 0,28 -0,116 -0,001 0,23

Drink -0,057 0,489 -0,028 9,86 0,590 -0,034 8,50

Sedentarism 0,030 0,190 0,006 2,02 0,295 0,009 2,24

Dailymeat 0,015 0,012 0,000 0,06 0,008 0,000 0,03

Dailypasta -0,120 -0,018 0,002 0,76 -0,032 0,004 0,97

Dailyfruit 0,047 -0,042 -0,002 0,70 -0,113 -0,005 1,34

Dailyvegetables 0,087 0,019 0,002 0,58 0,024 0,002 0,53

Dailylegumes -0,130 -0,001 0,000 0,03 -0,001 0,000 0,03

cc_aa2 0,087 -0,012 -0,001 0,07 -0,020 0,000 0,05

cc_aa3 0,099 0,004 0,000 0,03 -0,002 0,000 0,01

cc_aa4 0,102 -0,012 -0,001 0,09 -0,018 0,000 0,06

cc_aa5 -0,206 0,005 -0,001 0,07 0,008 0,000 0,05

cc_aa6 0,048 -0,004 0,000 0,01 0,003 0,000 0,00

cc_aa7 0,015 -0,048 -0,001 0,05 -0,076 0,004 0,04

cc_aa8 -0,055 0,001 0,000 0,00 -0,008 0,000 0,01

cc_aa9 0,105 -0,018 -0,002 0,13 -0,039 0,001 0,13

cc_aa10 -0,078 -0,001 0,000 0,00 -0,003 0,000 0,01

cc_aa11 -0,196 -0,028 0,006 0,39 -0,044 0,001 0,27

cc_aa12 -0,082 -0,014 0,001 0,08 -0,031 0,000 0,08

cc_aa13 0,186 -0,014 -0,003 0,18 -0,019 0,000 0,11

cc_aa14 -0,065 -0,026 0,002 0,12 -0,056 0,001 0,12

cc_aa15 0,286 0,002 0,001 0,05 0,006 0,000 0,05

cc_aa16 0,202 -0,021 -0,004 0,30 -0,037 0,001 0,24

cc_aa17 0,119 -0,013 -0,001 0,11 -0,026 0,000 0,10

cc_aa18 -0,271 0,002 0,000 0,03 -0,003 0,000 0,03

cc_aa19 -0,150 -0,002 0,000 0,03 -0,009 0,000 0,04

Residuals 0,016 0,016

Overall CI -0,185 -0,180

CIk , concentration index of factor k.

ηk , elasticity of the FGT measure Y with respect to factor k.

CIY k , contribution made by factor k to the overall FGT-CI

CI, concentration index.

Note: Statistically significant contributors in bold.
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2.5 Results

Table 2.5: Decomposition of the FGT-CI of depth and severity of obesity-Men.

Men, 2017

Depth Severity

Variable CIk ηk CIY k % ηk CIY k %

Age group(reference : age1)

Age2 0,082 0,101 0,008 4,09 0,117 0,009 3,65

Age3 0,030 0,165 0,005 2,55 0,197 0,007 2,84

Age4 0,012 0,110 0,001 0,51 0,094 0,001 0,41

Age5 -0,075 0,077 -0,005 2,55 0,043 -0,003 1,22

Married 0,013 -0,128 -0,001 0,51 -0,357 -0,004 1,62

Widowed -0,014 -0,013 0,000 0,05 -0,038 0,001 0,20

Divorced/separated 0,050 -0,018 -0,001 0,46 -0,050 -0,002 0,81

Education (reference: Primary)

Secondary -0,003 -0,005 0,000 0,05 -0,040 0,000 0,04

Tertiary 0,510 -0,119 -0,061 31,00 -0,134 -0,068 27,56

Employed 0,162 0,006 0,001 0,51 -0,009 -0,001 0,41

Inactivity -0,108 0,124 -0,013 6,64 0,139 -0,015 6,08

Loginc 0,045 -1,520 -0,069 35,24 -2,100 -0,096 38,91

Dailysmoking -0,084 -0,040 0,003 1,53 -0,030 0,002 0,81

Drink -0,050 -0,023 0,001 0,51 -0,023 0,001 0,41

Sedentarism 0,067 0,184 0,012 6,13 0,270 0,018 7,30

Dailymeat 0,026 0,027 0,001 0,36 0,023 0,001 0,24

Dailypasta -0,030 -0,007 0,000 0,10 0,003 0,000 0,04

Dailyfruit 0,033 -0,030 -0,001 0,51 -0,006 0,000 0,08

Dailyvegetables 0,057 0,039 0,002 1,02 0,042 0,002 0,81

Dailylegumes -0,098 0,001 0,000 0,05 0,002 0,000 0,08

cc_aa2 0,129 -0,009 -0,001 0,25 -0,012 -0,002 0,29

cc_aa3 0,106 0,004 0,000 0,09 -0,002 0,000 0,04

cc_aa4 0,112 -0,006 -0,001 0,15 -0,006 -0,007 1,27

cc_aa5 -0,240 -0,011 0,003 0,56 -0,010 0,003 0,46

cc_aa6 -0,101 -0,001 0,000 0,03 0,005 -0,001 0,09

cc_aa7 0,009 -0,025 0,000 0,05 -0,033 0,000 0,05

cc_aa8 -0,081 0,010 -0,001 0,17 0,018 -0,001 0,27

cc_aa9 0,128 -0,050 -0,006 1,37 -0,041 -0,005 0,95

cc_aa10 -0,069 -0,012 0,001 0,18 -0,028 0,002 0,35

cc_aa11 -0,236 0,011 -0,003 0,58 0,014 -0,003 0,62

cc_aa12 -0,099 -0,009 0,001 0,19 -0,014 0,001 0,25

cc_aa13 0,191 -0,010 -0,002 0,40 0,001 0,000 0,04

cc_aa14 -0,046 -0,017 0,001 0,16 -0,019 0,001 0,16

cc_aa15 0,307 0,005 0,001 0,29 0,008 0,002 0,44

cc_aa16 0,206 -0,019 -0,004 0,84 -0,015 -0,003 0,58

cc_aa17 0,106 -0,007 -0,001 0,15 -0,011 -0,001 0,20

cc_aa18 -0,213 0,003 -0,001 0,12 0,010 -0,002 0,38

cc_aa19 0,031 0,005 0,000 0,03 0,008 0,000 0,04

Residuals -0,005 -0,011

Overall CI -0,128 -0,170

CIk , concentration index of factor k.

ηk , elasticity of the FGT measure Y with respect to factor k.

CIY k , contribution made by factor k to the overall FGT-CI

CI, concentration index.

Note: Statistically significant contributors in bold.
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2 Decomposing income-related inequalities in obesity status, depth and severity in Spain.

2.5.4 Comparison of the drivers of inequality between two

points in time.

So as to be able to understand the possible changes in the drivers of income inequal-
ity in obesity over the years, we proceed by comparing our results for 2017 and 1997
8. That is, we compare inequalities between the two years, however not perform-
ing a decomposition analysis of changes in FGT-Cis inequalities by means of the
Oaxaca-Blinder decomposition. We document (see Table 2.6) that while inequali-
ties remained quite stable between these two time periods for men, differences for
women are huge.

Starting with the case of women, the direct effect of income is the main contributor
to the total inequality in obesity status for both years. The difference between the
two time periods is on the role of employment status, as being employed is statisti-
cally significant and negative in 2017 unlike 1997 where it contributes positively to
the income inequality in obesity. Moving on to depth and severity, we observe that
the largest contribution to the total inequality comes from SES (education, income,
employment status) for 2017, whereas it is more evenly divided between SES and
demographic characteristics in 1997.

For the case of men, the largest contributors to the negative socioeconomic inequal-
ity in obesity status are income and education for 2017. In contrast, in 1997 the
direct effect of income prevails, while the role of education is way less important
and offset by demographic characteristics. The basic difference between the two
time periods in depth and severity of obesity, lies to the fact that demographic fac-
tors constitute an important part of the negative contribution to the total inequality
in 1997 along with SES status, in contrast to 2017 where SES controls are by far
the more important contributors to the total inequality.

8Due to some incompatibilities in the questionnaires between the two time periods, there is no
available information on the food habits of the individuals for 1997. That said, the contribution
of lifestyle characteristics for 1997 corresponds to the effect of smoking, drinking and sedentary
behavior to the total inequality.
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2.6 Conclusion

Table 2.6: % Contribution of groups of variables to the overall SES inequality

Women Men

1997

Variables Status Depth Severity Status Depth Severity

Demographics 17,16 29,68 33,14 22,25 21,96 6,46
Income 61,32 16,46 9,65 42,37 27,69 17,59
Education 6,28 24,14 17,32 8,33 7,06 11,78
Employment 9,05 5,78 12,42 17,65 24,08 28,33
Lifestyle 4,24 9,47 10,43 6,43 7,49 9,71
Region 1,95 14,47 17,04 2,98 11,72 12,25

CCI -0,157 -0,270 -0,300 -0,046 -0,133 -0,125

2017

Demographics 13,66 17,62 10,08 15,90 10,73 10,74
Income 66,28 27,34 12,41 37,62 35,24 38,91
Education 8,74 34,29 30,04 14,79 31,05 27,60
Employment 5,75 4,69 32,22 16,01 7,15 6,49
Lifestyle 2,82 14,30 13,87 13,47 10,21 9,77
Region 2,75 1,75 1,39 2,21 5,62 6,49

CCI -0,119 -0,185 -0,180 -0,054 -0,128 -0,170

2.6 Conclusion

Our results indicate, that even though all three measures of obesity have been in-
creasing over the past 20 years among the Spanish population, income related in-
equality in obesity status, depth and severity has a clear decreasing trend, especially
among women. While the decreasing pattern in obesity status inequalities has been
previously detected in other European countries (Costa-Font et al., 2014), this work
is the first, as far as we are concerned, to evidence an decreasing trend of inequali-
ties in depth and severity of obesity in an EU country.

This finding is in line with results from the US and more specifically with Bilger
et al. (2017) who observe that the more severe cases of obesity are becoming more
and more equally distributed according to income over the years. One of the expla-
nations given is that these results insinuate a deeper change in the basic determinants
of individuals’ obesity risk occurred in the last decades. In more detail, it might be
the case that individual obesity risk is no more linked only to individual attributes
and that a non negligible part of the effect may come from environmental influences
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2 Decomposing income-related inequalities in obesity status, depth and severity in Spain.

(obesogenic environment) as well.

The fact that the declining trend of income related inequalities in obesity status,
depth and severity is mostly driven by women, may be the result of changes in the
social standards; that is women might be more affected by the societal attitude to-
wards obesity than men and try to pursue a thinner silhouette in the recent years
compared to the past. Based on our results, we also witness that income related
disparities in depth and severity of obesity tend to be noticeably larger than the
ones in obesity status both for women and men. This is in line with similar find-
ings arguing that highest levels of BMI are often observed among the worse-off and
poorly educated and more generally among those in disadvantaged socio-economic
circumstances.

Decomposing the income inequality of FGT-CIs obesity measures into its main de-
terminants, we observe that for obesity status, income is the most important single
contributor to the overall inequality both for women and men. As we move to depth
and severity, income continues to be very important for both genders, but education
becomes the most important contributing factor to the overall inequality for women.
The protective role of education in health outcomes has been observed in previous
literature as well Cutler et al. (2015). Furthermore, when comparing the two time
periods, we notice that the basic difference lies to the fact that in 1997, SES in-
equality in obesity is a result of the confounding factors of demographics and SES,
in contrast to 2017 where SES controls are by far the most important contributors
to the total inequality in obesity. We infer that overall, income related inequalities
in obesity are still a reality in Spain especially for depth and severity of obesity,
something that could aggravate even more the socioeconomic gradient in health.
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2.7 Appendix

2.7 Appendix

Table 2.7: Description of variables

Variables Description

Dependent Variables

Obesity 1 when BMI >=30, 0 otherwise
Depth of obesity excess BMI beyond the obesity threshold
Severity of obesity squared excess BMI beyond the obesity threshold

Independent Variables

Demographics

Age1 1 when aged 18-35 , 0 otherwise
Age2 1 when aged 36-45, 0 otherwise
Age3 1 when aged 46-55, 0 otherwise
Age4 1 when aged 55 65, 0 otherwise
Age5 1 when aged more than 65, 0 otherwise
Married 1 when married, 0 otherwise
Widowed 1 when widowed, 0 otherwise
Divorced/separated 1 when divorced/separated, 0 otherwise

SES

Primary 1 when primary education is the highest education level achieved, 0 otherwise
Secondary 1 when secondary education is the highest education level achieved, 0 otherwise
Tertiary 1 when tertiary education is the highest education level achieved, 0 otherwise
Employed 1 when employed, 0 otherwise
Inactivity 1 when inactive, 0 otherwise
Loginc equivalent net monthly income in logs

Lifestyle

Dailysmoking 1 if daily smoker, 0 otherwise
Drink daily alcohol consumption
Sedentarism 1 if working in a sedentary job, 0 otherwise
Dailymeat 1 if consumes meat more than 4 times per week, 0 otherwise
Dailypasta 1 if consumes pasta more than 4 times per week, 0 otherwise
Dailyfruit 1 if consumes fruit more than 4 times per week, 0 otherwise
Dailyvegetables 1 if consumes vegetables more than 4 times per week, 0 otherwise
Dailylegumes 1 if consumes legumes more than 4 times per week, 0 otherwise

Region

cc_aa Autonomous Community the individual belongs (17 regions: cc_aa1-cc_aa17)
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2 Decomposing income-related inequalities in obesity status, depth and severity in Spain.

Table 2.8: Decomposition of the income related inequality in obesity status-Women.

Women, 1997

elasticity concentration contribution %

Age2 0,102 0,120 0,012 1,92
Age3 0,133 0,023 0,003 0,48
Age4 0,150 -0,112 -0,017 2,61

Age5 0,153 -0,265 -0,041 6,33

Married 0,271 0,123 0,033 5,20
Widowed 0,019 -0,208 -0,004 0,62
Divsep -0,001 -0,025 0,000 0,00
Demographics 17,16

Loginc -2,221 0,177 -0,394 61,32

Secondary -0,093 0,206 -0,019 2,99
Tertiary -0,080 0,263 -0,021 3,29

Employed 0,158 0,288 0,045 7,07

Inactivity -0,046 -0,278 0,013 1,98
SES 76,65

Dailysmoker -0,082 0,176 -0,014 2,24
Drink -0,021 0,243 -0,005 0,78
Sedentarism 0,077 0,102 0,008 1,22
Lifestyle 4,24

cc_aa2 0,001 0,010 0,007 1,02
cc_aa3 0,003 0,047 0,000 0,02
cc_aa4 -0,009 0,018 0,000 0,02
cc_aa5 -0,011 -0,031 0,000 0,05
cc_aa6 0,000 -0,002 0,000 0,03
cc_aa7 -0,016 -0,021 0,000 0,05
cc_aa8 -0,016 -0,032 0,001 0,08
cc_aa9 -0,051 0,035 -0,002 0,28
cc_aa10 -0,015 -0,038 0,001 0,09
cc_aa11 0,011 -0,019 0,000 0,03
cc_aa12 -0,012 -0,043 0,000 0,08
cc_aa13 -0,006 0,157 -0,001 0,14

cc_aa14 0,009 -0,015 0,000 0,02
cc_aa15 0,003 0,020 0,000 0,01
cc_aa16 0,001 0,013 0,000 0,00
cc_aa17 -0,009 0,016 0,000 0,02
Region 1,95

CCI= -0,157

Note: Statistically significant contributors in bold.
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2.7 Appendix

Table 2.9: Decomposition of the income related inequality in obesity status-Men.

Men,1997

elasticity concentration contribution %

Age2 0,103 0,061 0,006 1,40
Age3 0,100 0,063 0,006 1,40

Age4 0,185 -0,127 -0,024 5,24

Age5 0,162 -0,219 -0,035 7,89

Married 0,355 -0,079 -0,028 6,22

Widowed 0,002 -0,038 0,000 0,02
Divsep -0,042 -0,009 0,000 0,08
Demographics 22,25

Loginc -1,154 0,165 -0,191 42,37

Secondary -0,051 0,230 -0,012 2,60
Tertiary -0,087 0,295 -0,026 5,73

Employed -0,021 0,380 -0,008 1,80
Inactivity -0,290 -0,246 0,071 15,85

SES 68,34

Dailysmoker -0,054 -0,019 0,001 0,22
Drink -0,021 0,107 -0,002 0,49
Sedentarism 0,152 0,170 0,026 5,72

Lifestyle 6,43

cc_aa2 -0,005 0,017 0,000 0,02
cc_aa3 0,003 0,041 0,000 0,03
cc_aa4 -0,010 0,016 0,000 0,04
cc_aa5 -0,026 -0,026 0,001 0,15
cc_aa6 0,004 -0,003 0,000 0,00
cc_aa7 -0,019 -0,013 0,000 0,05
cc_aa8 -0,033 -0,026 0,001 0,19
cc_aa9 -0,104 0,039 -0,004 0,90
cc_aa10 -0,018 -0,063 0,001 0,26
cc_aa11 0,011 -0,027 0,000 0,07
cc_aa12 -0,015 -0,016 0,000 0,06
cc_aa13 -0,035 0,148 -0,005 1,14
cc_aa14 -0,010 -0,012 0,000 0,03
cc_aa15 0,002 0,013 0,000 0,01
cc_aa16 0,007 0,017 0,000 0,03
cc_aa17 0,006 0,010 0,000 0,01
Region 2,98

CCI :-0,046

Note: Statistically significant contributors in bold.
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Table 2.10: Decomposition of the FGT-CI of depth and severity of obesity-Women.

Women, 1997

Depth Severity

Variable CIk ηk CIY k % ηk CIY k %
Age group(reference : age1)
Age2 0,160 0,207 0,033 5,50 0,348 0,056 6,58

Age3 0,034 0,272 0,009 1,55 0,417 0,014 1,70

Age4 -0,204 0,209 -0,043 7,07 0,261 -0,053 6,31

Age5 -0,382 0,237 -0,090 15,02 0,311 -0,119 14,06

Married 0,052 0,026 0,001 0,22 -0,210 -0,011 1,28
Widowed -0,482 -0,002 0,001 0,14 -0,041 0,020 2,32
Divorced/separated -0,224 -0,005 0,001 0,17 -0,034 0,008 0,90
Education (reference: Primary)
Secondary 0,214 -0,229 -0,049 8,11 -0,278 -0,059 7,02

Tertiary 0,523 -0,185 -0,097 16,03 -0,167 -0,087 10,30

Employed 0,265 0,086 0,023 3,78 0,244 0,065 7,65

Inactivity -0,111 0,109 -0,012 2,00 0,365 -0,040 4,78
Loginc 0,051 -1,931 -0,099 16,46 -1,588 -0,082 9,65
Dailysmoking 0,161 0,066 0,011 1,76 0,173 0,028 3,29

Drink 0,166 -0,203 -0,034 5,57 -0,259 -0,043 5,07

Sedentarism 0,103 0,125 0,013 2,14 0,168 0,017 2,06

cc_aa2 0,056 -0,024 -0,001 0,22 -0,039 -0,002 0,25
cc_aa3 0,327 -0,050 -0,016 2,71 -0,088 -0,029 3,42
cc_aa4 0,237 -0,043 -0,010 1,70 -0,071 -0,017 2,01
cc_aa5 -0,185 -0,021 0,004 0,66 -0,050 0,009 1,09
cc_aa6 -0,042 -0,011 0,000 0,07 -0,018 0,001 0,09
cc_aa7 -0,092 -0,086 0,008 1,30 -0,120 0,011 1,30
cc_aa8 -0,136 -0,020 0,003 0,44 -0,019 0,003 0,30
cc_aa9 0,059 -0,153 -0,009 1,48 -0,274 -0,016 1,90
cc_aa10 -0,084 -0,085 0,007 1,18 -0,124 0,010 1,23
cc_aa11 -0,146 -0,010 0,001 0,23 -0,023 0,003 0,40
cc_aa12 -0,179 -0,069 0,012 2,05 -0,122 0,022 2,59
cc_aa13 0,281 -0,019 -0,005 0,88 -0,025 -0,007 0,82
cc_aa14 -0,162 0,008 -0,001 0,23 -0,001 0,000 0,02
cc_aa16 0,326 -0,004 -0,001 0,23 -0,010 -0,003 0,39
cc_aa17 0,129 -0,050 -0,006 1,08 -0,081 -0,010 1,23
Residuals 0,060 0,005
Overall CI -0,270 -0,300

CIk , concentration index of factor k.
ηk , elasticity of the FGT measure Y with respect to factor k.
CIY k , contribution made by factor k to the overall FGT-CI
CI, concentration index.
Note: Statistically significant contributors in bold.



2.7 Appendix

Table 2.11: Decomposition of the FGT-CI of depth and severity of obesity-Men.

Men, 1997

Depth Severity

Variable CIk ηk CIY k % ηk CIY k %
Age group(reference : age1)
Age2 0,076 0,053 0,004 1,23 -0,029 -0,002 0,42
Age3 0,111 0,104 0,012 3,46 0,066 0,007 1,37
Age4 -0,223 0,085 -0,019 5,72 0,118 -0,026 4,96
Age5 -0,356 0,064 -0,023 6,87 0,131 -0,047 8,82
Married -0,032 0,311 -0,010 2,96 0,496 -0,016 2,97

Widowed -0,371 0,015 -0,005 1,63 0,022 -0,008 1,55

Divorced/separated -0,133 -0,002 0,000 0,08 -0,010 0,001 0,26
Education (reference: Primary)
Secondary 0,201 0,027 0,006 1,66 0,140 0,028 5,32
Tertiary 0,530 -0,034 -0,018 5,40 -0,065 -0,034 6,46
Employed 0,176 -0,200 -0,035 10,58 -0,392 -0,069 12,99

Inactivity -0,169 -0,263 0,045 13,50 -0,480 0,081 15,33

Loginc 0,048 -1,936 -0,092 27,69 -1,961 -0,093 17,59
Dailysmoking -0,013 0,002 0,000 0,01 0,097 -0,001 0,25
Drink 0,037 -0,110 -0,004 1,21 -0,315 -0,012 2,17

Sedentarism 0,111 0,187 0,021 6,27 0,347 0,039 7,29

cc_aa2 0,164 0,016 0,003 0,81 0,040 0,007 1,24

cc_aa3 0,330 0,019 0,006 1,84 0,025 0,008 1,57
cc_aa4 0,208 -0,016 -0,003 1,01 -0,023 -0,005 0,92
cc_aa5 -0,148 -0,044 0,006 1,94 -0,073 0,011 2,04
cc_aa6 -0,017 -0,005 0,000 0,02 -0,015 0,000 0,05
cc_aa7 -0,047 -0,011 0,001 0,16 0,002 0,000 0,02
cc_aa8 -0,122 0,013 -0,002 0,48 0,024 -0,003 0,56
cc_aa9 0,076 -0,123 -0,009 2,82 -0,194 -0,015 2,79
cc_aa10 -0,137 0,008 -0,001 0,34 0,026 -0,004 0,67
cc_aa11 -0,195 0,014 -0,003 0,81 0,013 -0,003 0,49
cc_aa12 -0,066 -0,002 0,000 0,04 0,016 -0,001 0,20
cc_aa13 0,267 0,010 0,003 0,83 -0,005 -0,001 0,24
cc_aa14 -0,127 0,006 -0,001 0,21 0,006 -0,001 0,14
cc_aa15 0,227 -0,002 -0,001 0,16 -0,016 -0,004 0,70
cc_aa16 0,122 0,002 0,000 0,09 0,004 0,001 0,10
cc_aa17 0,385 -0,001 0,000 0,14 -0,007 -0,003 0,52
Residuals -0,003 0,037
Overall CI -0,133 -0,125

CIk , concentration index of factor k.
ηk , elasticity of the FGT measure Y with respect to factor k.
CIY k , contribution made by factor k to the overall FGT-CI
CI, concentration index.
Note: Statistically significant contributors in bold.
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Figure 2.2: Trends in obesity measures
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3 Geographic determinants of

individual obesity risk in Spain: A

multilevel approach

This paper seeks to understand the determinants of individual body weight status
and obesity risk in Spain by concurrently examining individual and regional char-
acteristics. The data are drawn from the National Health Survey of Spain for the
year 2011-2012 (INE-National Statistical Institute of Spain) and contain informa-
tion for a representative sample of 12,671 adults across 50 provinces in Spain. A
multilevel analysis is carried out to examine the determinants of individual weight
status and obesity, controlling not only for the individual effects and those of the
immediate environment but also for the broader setting to which individuals and
their immediate environment belong. Our findings suggest that attributes from all
three levels of analysis have an effect on individual weight status and obesity. Lack
of green spaces and criminality taken as proxies of the social environment positively
affect individual and women’s BMI and obesity, respectively.

3.1 Introduction

Obesity is a highly complex condition with numerous dimensions that affects all
groups of people, irrespective of their age or social status. The condition threatens
to overwhelm both developed and developing countries and has been identified as a
risk factor for major chronic diseases, such as high blood pressure, type II diabetes
and many types of cancer (affecting, among others, the kidney, thyroid and pan-
creas), resulting in millions of deaths annually. Latest data suggest that the propor-
tion of adults that are overweight (pre-obese) and obese has increased substantially
in recent years (WHO, 2015). Despite the fact that obesity constitutes one of the
most serious public health problems of the century, its main determinants have yet
to be fully clarified.
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deed, Spain is one of the EU countries with the highest prevalence of overweight
and obese individuals (the highest in child obesity) and it is also one of the coun-
tries in which the condition has increased most (OECD, 2015). Over the last few
years, this phenomenon has attracted the interest of many researchers from different
fields (economists, doctors, nutritionists, geographers and policy makers) who have
identified several interrelated determinants underpinning this epidemic. In addition
to personal and socioeconomic factors, geographic patterns of high obesity rates
have been observed across Spain (Gutierrez-Fisac et al., 1999). In such instances of
significant variations being observed within a country, a fall in the prevalence of the
condition might be expected through the drawing up of purpose-designed, public
health intervention policies. However, an important preliminary step is understand-
ing and accounting for the determinants of this variability and the factors explaining
these variations, in order to be able to recommend specific prevention policies.

In this paper, our objective is to disentangle the influences on individual weight sta-
tus and obesity risk, by employing realistic models of disease causation. Based on
the fact that these determinants might be aspects of the sociocultural environment,
the physical environment or an after-effect of an economic policy implemented in
a region, we employ a hierarchical model with three levels of analysis that cor-
respond to the individual, the surrounding area and the Autonomous Community
(AC) or region. It is our belief that previous studies have failed to take into account
regional and individual characteristics in tandem when dealing with obesity. In this
study, therefore, we control for personal characteristics as well as higher level geo-
graphic variations that may cause the body mass index (BMI) to rise above normal
levels. Our contribution is to illustrate how individual weight status and obesity
risk are explained by individual and regional characteristics - both in the immediate
environment and in the broader setting - exploiting the hierarchical structure of the
data, in a multilevel (ML) regression model. In such circumstances, ML models
are applicable and usually preferable to other models. An ML model assumes that
individuals (lower level) belonging to a particular region (higher level) are not inde-
pendent of each other because they share the similar characteristics of that region;
thus, the model considers an intra-regional correlation. Our results suggest that at-
tributes from all three levels have an effect on individual weight status and obesity.

The rest of the paper is structured as follows. In section 2 we review the previ-
ous literature and in section 3 we justify why Spain makes a particularly interesting
case study. We detail the theoretical model in section 4 and the data and variables
used are discussed in section 5. Finally, we present the results of the econometric
analysis in section 6 and section 7 concludes.
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3.2 Literature

The complexity of the condition has attracted numerous researchers who have anal-
ysed obesity from a range of perspectives. This paper, however, focuses on two
major strands in this literature given their relevance to the analysis conducted here.
On the one hand, one line of research has established a strong correlation between
socioeconomic status (SES) and health outcomes. The graded association between
various indicators of SES and health holds across all ages and for all countries in
which it has been studied, as a person’s health behaviour (e.g. smoking, drinking
and level of physical activity) is believed to be significantly influenced by their so-
cioeconomic status, creating a mechanism that links SES to health (Antonovsky,
1967; Anderson, 1995; Link et al., 1998; Subramanian and Kawachi, 2004; Cutler
et al., 2012). According to Link and Phelan (1995), people of higher SES have
access to a wide range of resources to influence their health and are, therefore, at
an advantage when their health is threatened. Data from the US and Canada show
that levels of health tend to be higher among the richer, better educated and more
privileged and then to gradually deteriorate down the rungs of the social ladder
(Humphries and van Doorslaer, 2000; Kosteniuk and Dickinson, 2003). This rela-
tionship is referred to as the SES health gradient.

A growing body of influential literature here documents the specific relationship
between personal weight status and SES. Sobal and Stunkard (1989) and Sobal
(1991) find clear-cut evidence of an association between socio-economic position
and obesity. Moreover, Drewnowski and Specter (2004) and Drewnowski (2003)
demonstrate that population groups with high poverty rates and low education ex-
hibit the highest obesity rates and that wealth and poverty have profound effects on
diet structure, nutrition and health. The significant long-run effect of education on
obesity is patently obvious in Kim (2016), who investigates how education is as-
sociated with BMI in later stages of life using data from the US. Other researchers
find pro-rich inequality in obesity in adults, while the main drivers of this find-
ing are educational attainment and income (Eberth and Gerdtham, 2008; Devaux
et al., 2011). According to Monteiro et al. (2000, 2004) and Merino Mantosa and
Urbanos-Garrido (2016), obesity is increasing faster in low-SES subpopulations. In
a recent study, Costa-Font et al. (2014) present evidence of income-related inequal-
ities in obesity in England and Spain for the years 1987-2006, although patterns
differ by gender and age-group.

The second strand in the literature with a bearing on this study identifies environ-
ments that tend to encourage obesity-related behaviours (e.g. unhealthy eating and
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low rates of physical exercise) more than others. These are what Egger and Swin-
burn (1997) first referred to as "obesogenic environments". According to these au-
thors, environmental influences (distance to grocery stores, parks, neighbourhood
safety, green areas) represent the public health arm of the obesity problem. If the
surrounding environment is obesogenic, obesity will become more prevalent and
programs aimed at influencing individual behaviour can be expected to have only
limited effects. They conclude by recommending a broader public health approach
to the obesity epidemic. A large number of other studies find a strong correlation
between area-level variables and individual obesity (Mark Austin and Spine, 2002;
Cubbin et al., 2006). Obesity patterns are associated with individual but also con-
textual socioeconomic and environmental factors, and the residential context might
influence the SES-health gradient in complex ways. According to Costa-Font and
Gil (2008), sociocultural contexts of obesity are recognized as key factors that ac-
count for the development of an individual’s weight.

The geography of obesity is complex, given the interrelation of different factors
at both the individual and contextual level. If we understand that environmental
features and natural amenities are geographically located, it can be deduced that
health problems, such as obesity, are geographically clustered according to socioe-
conomic and regional factors and that regional spillovers also need to be taken
into account in such analyses. Bailey and Gatrell (1995) argue that the prevalence
of overweight and obese individuals in one region is likely to correlate with the
prevalence in nearby regions, indicating the presence of geographic clusters. Costa-
Font and Pons-Novell (2007) point out the need to control for potential geographic
dependency, which might be especially important in heterogeneous countries like
Spain. Several other papers seek to investigate the relationship between socioeco-
nomic status and obesity risk and report that in most countries obesity contributes to
health disparities, as the condition is not evenly distributed across geographic areas
and social groups (Black and Macinko, 2009; McLaren, 2007; Wang and Beydoun,
2007). When analysing health outcomes, such as overweight and obesity, taking
into account regional characteristics and geographic spillovers is vital, especially
when socioeconomic development and policies in the areas of education and health
care can affect these outcomes.

3.3 Spanish Case

Spain provides an especially interesting case study for such an analysis for two main
reasons. First, adult obesity rates in Spain are relatively high compared to those in
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the rest of Europe and the OECD (OECD, 2014), while among EU countries the
impact of obesity on avoidable mortality is particularly high in Spain (Costa-Font
and Gil, 2008). Additionally, obesity rates have increased rapidly compared to those
in countries of similar characteristics (Costa-Font et al., 2010b). Second, because
of the country’s decentralized health care system with health competencies having
been devolved to the ACs, disparities are conspicuous even within Spain, making
the country even more interesting to study. More specifically, the obesity epidemic
seems to be affected by the country’s diverse population and severe income inequal-
ity, making Spain one of the most suitable institutional settings in which to examine
regional inequalities (Costa-Font and Gil, 2008). The existence of a pattern of geo-
graphic heterogeneity - captured by the random effects we include in the analysis -
is evident from the following Figure 3.1.

Figure 3.1: BMI vs Income Distribution

The data confirm that the average self-reported BMI at the provincial level is higher
in the southern part of Spain than in the northern part of the country, while income
distribution presents the opposite pattern.

3.4 The model

3.4.1 The rationale of using multilevel modelling

The adoption of a multilevel approach (also known as hierarchical, mixed and
random-effects, covariance components or random-coefficient regression) is espe-
cially suited to certain contexts. First, it is highly appropriate when the individual
health outcome is anticipated to be clustered, and the source of clustering is a geo-
graphic area, such as a census block-group or tract. It is especially relevant for use
by governments as it indicates the level at which policy actions should be imple-
mented and the relative importance of each level in predicting outcomes. Second, it
is also appropriate for use when the exposure variable is measured at multiple lev-
els and the interest is in evaluating the relative importance of a variable at different
levels (Leyland and Groenewegen, 2003).
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These specific conditions identified above apply to our case study and therefore
make the use of ML analysis highly appropriate. Our data document substantial
regional variations in obesity rates in Spain. These geographic variations have a
number of causes, some of which may reflect characteristics of the regions or char-
acteristics of the individuals that live in these areas. Thus, as we seek to observe not
only the locational and environmental but also the socioeconomic attributes of the
region under investigation, adopting an ML statistical approach becomes essential.
This framework allows us to incorporate into our model both regional and environ-
mental factors, while studying body weight variations. In short the main advantage
of our approach is being able to analyse the determinants of BMI variation and obe-
sity prevalence by focusing on three levels of analysis, corresponding to individual
influences, environmental attributes and regional effects.

Ignoring the ML structure of variations does not simply risk disregarding the im-
portance of regional effects, but it also has implications for statistical validity. ML
models have three basic advantages over OLS models. First, the use of conventional
regression for clustered data results in the underestimation of standard errors, be-
cause this model does not consider the similarity of responses among observations
within the same cluster. ML models resolve this problem by including random com-
ponents of cluster effects in the statistical model and, therefore, they divide the total
variance in the dependent variable into between-cluster and within-cluster parts.
The variability of random effects across clusters and the importance of clusters can
also be evaluated (Teachman and Crowder, 2002; Ross and ling Wu, 1995). Sec-
ond, both individual-level and cluster-level covariates can be included in ML mod-
els and so, the relationship between observation-level and cluster-level covariates
can be examined in order to determine whether cluster-level characteristics moder-
ate individual-level relationships. Third, aggregation bias might occur in the OLS
model, but it is absent from ML models. This means that the results from aggregated
variables at the cluster level may differ from those at the individual level (Kreft and
De Leeuw, 1998; Ross and ling Wu, 1995). That is, ML models separate the es-
timated effects in the covariates into different levels, which can be interpreted as
individual-level effects (within a cluster) and cluster-level effects (across clusters),
respectively.

3.4.2 Model Specification

The general hypothesis underpinning our analysis is that people interact within their
local contexts and, therefore, they are influenced by the social groups to which they
belong. Thus, we hypothesize that an individual’s weight status is influenced by
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both personal and contextual characteristics. Exploiting the hierarchical structure
of our data, we employ a three-level model as we seek to explain personal weight
status and obesity risk by taking into account both individual (level 1) and regional
(level 2 and 3) characteristics. Defining the relevant group and the relevant group-
level variables is a crucial component of ML analysis. The groups should not be
arbitrary or convenient groupings of individuals, but rather groups that are hypoth-
esized as being meaningful in any explanation of the outcome. Hence, each level of
analysis chosen is essential as it enables us to observe the determinants of obesity
from three different standpoints. 1

At the first level of analysis, our basic determinants of individual weight status and
obesity are personal characteristics. The census tract constitutes the second level of
our analysis and so, we include variables corresponding to the individual’s immedi-
ate environment. This level of analysis is important here as it allows us to observe
the relationship between an individual’s weight status and their environment. Fi-
nally, the third level of analysis is comprised by the ACs. In a decentralized country
like Spain, the ACs become even more spatially meaningful with respect to specific
target policies and health outcomes. As such, the use of variables measured at the
regional level can be an intuitive task for policy intervention, while at the same time
it allows for policy evaluation (Costa-Font and Pons-Novell, 2007).

We test two econometric models: a linear ML model for analysing individual BMI
and a non-linear logit ML model for analysing obesity. Specifically we estimate the
following equation:

Yi,j,k = α+βXijk+ θj +μk+ εijk (3.1)

where Yi,j,k is the outcome (BMI and obesity) variable of individual i, in census
tract j and Autonomous Community k. The parameter α is the overall intercept
coefficient; β stands for the effect of the fixed covariates; while θ and μ denote the
level 2 and level 3 random effects, respectively, and ε is the error term. The vector
X of regressors includes level 1 variables and regional characteristics (level 2 and
level 3 variables). Notwithstanding we will run the OLS model for comparative
purposes.

1According to Flowerdew et al. (2008) given the uncertainty concerning neighborhood bound-
aries, it is more reasonable to estimate neighborhood effects using multiple geographic units of
analysis.
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3.5 Data and Variables

For our empirical analysis we make use of individual health data and additional
socioeconomic characteristics for the year 2011-2012, obtained from the Span-
ish National Health Survey (SNHS), which is conducted jointly by the Ministry
of Health, Social Services and Equality (MSSSI) and the National Statistics Insti-
tute (INE). A stratified tri-stage sample type is used, where the first-stage units are
the census tracts and the second-stage units are the main family dwellings. All
households whose regular residence is within said dwellings are studied. Within
each household, one adult person is selected to complete the individual question-
naire. The sample is distributed among the ACs, assigning one portion uniformly
and another in proportion to the size of the ACs, so that, besides being represen-
tative at the national level, it is also representative at the AC level. Information on
socio-demographic characteristics, health status, health care and health determining
factors are available in this dataset. The original dataset contains 26,502 interviews
with information about 21,007 adults (15+) and 5,495 children. Children and indi-
viduals with missing information about their weight and height were excluded from
the sample and we were left with 18,649 observations. We then had to discard all
those for which we had no information about their region of residence (5,978 inter-
viewees), and so ended up with a joint dataset of 12,671 observations. The regional
data with information at the NUTS2 and NUTS3 levels are taken from Eurostat.

3.5.1 Dependent Variables

Our two outcome variables are BMI and obesity. We measure BMI using self-
reported weight and height data. 2 Specifically, BMI is defined as a person’s weight
(in kilograms) divided by the square of his or her height (in metres). A person with
a BMI of 30 or more is generally considered obese, while a person with a BMI
equal to or more than 25 is considered overweight (WHO, 1995). A normal-weight
person exhibits BMI scores ranging between 18.5 and 24.9, while an underweight
individual has BMI scores below 18.5.

2Given that self-reported anthropometric data suffer from reporting bias (i.e weight tends to
be under-declared and height over-reported), we re-run the same ML models after correcting BMI
using the standard procedure (Cawley, 2000; Lakdawalla and Philipson, 2009; Chou et al., 2004;
Cawley and Burkhauser, 2008), although this is not free from criticism (e.g., Courtemanche et al.
(2015)). In this case, the correcting formulas for Spain provided by Gil and Mora (2011) were used.
Interestingly, we find that the resulting ML estimates are roughly the same.

38



3.5 Data and Variables

3.5.2 Independent Variables

The individual-level control variables include demographic and socioeconomic char-
acteristics, as well as health-related behaviours. Among the demographic factors,
we include age, age squared, gender, ethnicity and marital status. Based on the lit-
erature, we use education and equivalent net income as proxies for the individual’s
SES status.3 Concerning health-related behaviours, we control for tobacco con-
sumption (daily smokers), sedentarism and physical exercise in leisure time (see
Table 3.1).

The level of urbanization is measured using the urban-rural dichotomy.4 Criminal-
ity is taken as a proxy for neighbourhood safety and is traditionally used in studies
examining environmental factors and their influence on individual health outcomes
(Zhao et al., 2014). Living in a neighbourhood which is perceived as unsafe can con-
tribute to obesity and generally higher BMI levels in a number of ways, including
lower rates of walking or other types of outdoor physical activity and higher rates
of stress-related eating. In our case, the criminality rate is interacted with gender,
5 and so crime is a factor variable measuring whether the respondent believes the
violence/criminality/vandalism in their neighbourhood is high or not and to what
extent. 6 A variable capturing the existence of green spaces in the neighbourhood
(census tract) is also included in the analysis.7 The last regional variable that we
include in the model is poverty risk, capturing the impact of regional socioeconomic
status on individual obesity risk and weight status.

3The OECD equivalence scale is used.
4This depends on the number of residents in the specific census tract of residence.
5Sampson et al. (2002) use criminality as a proxy of neighbourhood attributes within ML anal-

ysis
6This variable was defined at an individual level in the household survey but we measure it at

the census tract level.
7Some studies demonstrate that green areas are associated with lower levels of BMI (Dadvand

et al., 2014) and quite often the existence of green spaces is used as a predictor of overweight and
obesity.
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Table 3.1: Description of dependent and independent variables

Variables Description

Dependent Variables

BMI Self-reported body mass index
Obesity 1 if obese(BMI≥ 30), 0 otherwise

Independent Variables

Personal Characteristics

female 1 when female, 0 otherwise
age age
age2 square of the age
single 1 if single, 0 otherwise
married 1 if married, 0 otherwise
widowed 1 if widowed, 0 otherwise
divorced 1 if divorced, 0 otherwise
native 1 if Spanish, 0 otherwise
low education 1 if primary/lower than primary education, 0 otherwise
secondary education 1 if secondary education, 0 otherwise
university education 1 if university education, 0 otherwise
income equivalence net income in euros
daily-smoker 1 if daily smoker, 0 otherwise
sedentarism 1 if seated most of the time during work, 0 otherwise
physical activity in leisure time 1 if intense physical activity, 0 otherwise

Regional Characteristics

urban 1 if census tract is urban, 0 otherwise
green0 1 if lack of green areas, 0 otherwise
green1 1 if moderate lack of green areas, 0 otherwise
green2 1 if no lack of green areas, 0 otherwise
crime0 low/no level of criminality in the area
crime1 moderate level of criminality in the area
crime2 high level of criminality in the area
poverty risk poverty risk per Autonomous Community

Source: Spanish National Health Survey 2011-2012. INE: Statistical Institute of Spain, Eurostat

40



3.6 Results

3.6 Results

3.6.1 Sample Characteristics

As Table 3.2 shows, average BMI levels are higher for men than for women in
our sample (26.36 vs. 25.97). The adult obesity rate is 18%, but higher for women
(19.5% vs. 18.1% men), whereas 39% of the sample population is overweight (41%
for men vs.36% for women). The data document important gender differences in the
BMI and obesity patterns. Specifically, we report that men smoke on a daily basis
more than women (28.8% vs 23.4%), but that men exercise more. In our sample,
men tend to be younger than women (51.14 and 54.09). There are also gender
differences with regard to education. The data indicate that men are more highly
educated than women (31.56% vs. 28.78%). Although not shown, our data indicate
that more highly educated individuals tend to have higher incomes and to display
lower BMI levels. We also notice that people belonging to upper social groups
tend to be slimmer. According to the literature, urbanization level and weight status
are strongly correlated, especially among women (Caliendo and Lee, 2013). In
agreement with this, our results indicate that married women who live in rural/semi-
urban regions exhibit the highest levels of BMI. In addition, less educated women
exhibit higher levels of body weight.

Table 3.2: Table of Sample Characteristics

Men Women
Mean Frequency% Mean Frequency%

self-reported BMI 26.36 25.97
obese 18.13 19.52
age 51.14 54.09
single 31.34 27.05
married 55.18 47.23
widowed 6.68 18.51
separated/divorced 6.8 7.15
native 93.65 94.27
low 24.22 30.67
moderate 44.22 40.56
high 31.56 28.78
smoke 28.77 23.43
physical activity during work or free-time 49.4 32.4

Means calculated using sampling weights. Source: Spanish National Health Survey 2011-2012. INE
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3.6.2 Econometric Analysis

The estimates of the linear (logit) ML models for BMI (obesity) are presented in Ta-
bles 3.3(3.4). 8 Both tables also include OLS estimates for comparative purposes.
The likelihood-ratio test suggests the use of the random coefficient model, but only
for the ML linear model. However, since the coefficients and standard errors are
almost identical in both the random intercept and random coefficients model, we
present the estimates based on the random intercept model.

As expected, our results show that BMI and obesity are associated with personal
socioeconomic characteristics, health behaviours and regional characteristics using
the two models. More specifically, net income is statistically significant and has a
negative association both with BMI and obesity. That is, individuals with higher net
income tend to exhibit lower levels of BMI and lower probability of being obese.
The same applies for high-educated individuals who appear to have lower expected
BMI and obesity levels compared to those of the low-educated. Nationality seems
to be a risk factor as well, as natives tend to have lower levels of BMI and obesity
prevalence. As for smoking habits, we observe that daily smokers have lower levels
of BMI and obesity than non-smokers, which is an expected finding according to
the literature. 9 Sedentarism and no physical exertion in leisure time are positively
associated with BMI and obesity.

Interestingly, all the regional variables that we include in the model are statistically
significant, which indicates the need to include attributes of the contextual envi-
ronment in the study. Specifically, people that live in census tracts (approximate
neighbourhood area) which lack green spaces seem to have higher BMI scores and
a higher probability of being obese, compared to those who have access to green
spaces in their areas and who engage in physical activity in their leisure time. Fi-
nally, poverty risk, as expected, is positively associated with BMI and obesity.

The use of the ML model allows us to examine whether social context influences the
effect of a level-1 variable. We find that criminality/violence (proxy of social envi-
ronment) is positive and statistically significant only for women. Thus, we report
a positive association between high levels of neighbourhood insecurity and weight
status for women that live in these neighbourhoods. In particular, we find that living
in an unsafe area raises female BMI by 0.15 points and female obesity by almost

8In Table 4, we report odds ratios as opposed to coefficients.
9According to Dare et al. (2015), for example, current smokers are less likely to be obese than

non-smokers.
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10% (although significant only at the 10% level).

We should stress that most of the ML estimates are lower than those of OLS, which
suggests that the individual level effects reported by the literature (where intercepts
are restricted to being the same across regions) are due to BMI and obesity level
differences between regions. By allowing intercepts to vary randomly, we have ob-
tained a more accurate estimate of the effect of the covariates on BMI and obesity.
We also find that ML and OLS estimates do not deviate greatly. However, the Haus-
man test suggests the superiority of the ML model.

In our case, the intra-class correlation coefficient (ICC) is 10.45% which means
that this share of the total BMI variance is determined at the regional level. 10

Although the ICC is close to the lower bound recommended for running an ML
(>10%), here it is relevant since the LR test rejects the traditional model in favour
of a ML multilevel model with random effects.11

10The extent of variance that exists between groups, as opposed to within groups, can be de-
scribed by an intra-class correlation. An ICC can be determined from an intercept-only model (an
ML model with no covariates).

11Notice that the variance at the individual level is : σ2
e , the variance at the census level is : σ2

u

and the variance at the AC level is : σ2
v
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Table 3.3: Estimates of the ML Model

Dependent
Variable BMI

Random Intercept OLS

Fixed Part

Personal characteristics
intercept 23.18(.56)** 21.58(.37)**
female -.37(.07)**
age .11 (.012)** .12(.012)**
age2 -.09(.01)** -.10(.01)**
single (reference category)
married 1.54(.10)** 1.58(.09)**
widowed 1.56(0.22)** 1.64(.14)**
separated/divorced 0.71(0.21) .83(.016)*
native -.06 (0.033)* -.08(.03)*
primary education (reference category)
secondary -.62 (.10)** -.63(.10)**
university -1.23 (.14)** -1.20(.13)**
income -.02(.008)* -.03(.01)**
daily-smoker -.84(.10)** -.84(.09)**
sedentarism .69(.08)** .71(.07)**
physical activity in leisure time -.86(.14)** -.89(.14)**
Regional characteristics
urban -.21(.13)* -.42(.10)*
green0 .28(.14)** .29(.14)**
green1 .16(.15) .17(.15)*
green2 (reference category)
poverty risk .04 (.006)** .03(.005)**
Interaction effect
women*crime .11(.03)** .12(.06)*

Random Part

σ2
e 4.01

σ2
u .93

σ2
v .89

ICC 10.45%

Note: Standard errors are in parentheses, *: p<.01,
**: p<.005
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Table 3.4: Estimates of the ML Model

Dependent
Variable Obese

Random Intercept Model Logistic

Fixed Part

Personal characteristics
intercept .080(.07)** .03(.02)**
female .98(.05)
age 1.08(.09)** 1.08(.08)**
age2 .99(.000)** .99(.000)**
single (reference category)
married 1.53(.10)** 1.53(.09)**
widowed 1.78(.14)** 1.75(.14)**
separated/divorced 1.03(.12) 1.05(.11)*
native .095(.03)* .095(.02)*
primary education (reference category)
secondary .65(.04)** .65(.04)**
university .39(.06)** .37(.05)**
income .95(.11)** .89(.10)**
daily-smoker 1.07(.13)** 1.07(.13)**
sedentarism 1.49(.08)** 1.51(.08)**
physical activity in leisure time .54(.06)** .52(.06)**
Regional characteristics
urban .85(.08) .97(.05)*
green0 1.17(.08)** 1.21(.08)**
green1 1.06(.06) 1.06(.06)
green2 (reference category)
poverty risk 1.01(.013)* 1.01(.003)**
Interaction effect
women*crime 1.09(.002)* 1.10(.002)**

Random Part

ICC 9.01%

Note: Standard errors are in parentheses, *:p<.01,
**: p<.005
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3.7 Conclusion

This paper seeks to explain the basic determinants of individual weight status and
obesity risk by accounting for the interplay between individual and regional at-
tributes in a multilevel framework. In line with the literature (Roux, 2000), we
conclude that both group and individual effects play a key role in understanding
BMI and obesity.

Our ML estimates confirm the expected individual-level and regional effects on
BMI and obesity. In addition, we provide evidence that our proxies of the social en-
vironment (criminality and green spaces) have a positive and statistically significant
effect on female BMI and the prevalence of obesity. The main finding of the paper
stresses the fact that some health determinants can only be observed while investi-
gating interactions between variables at different levels of analysis. ML modelling
provides a more accurate and comprehensive description of relationships in clus-
tered data than do conventional OLS models by correcting underestimated standard
errors, by estimating components of variance at several levels and by estimating
cluster-specific intercepts and slopes.

The findings of the paper are important for public health authorities, since we re-
port that environmental and regional characteristics influence individual BMI and
obesity. This means that local governments and local communities can play an im-
portant role in implementing specific policies, such as promoting environments that
encourage and support healthy lifestyles.

We should point out that here we identify associational relationships in our esti-
mates, while a handful of other studies have sought to identify through exogenous
variations causal effects of such factors as education, income and the characteris-
tics of the built environment on individual weight status (Cawley et al., 2010; Brion
et al., 2011; Brunello et al., 2013; Martin et al., 2014). Nevertheless, we have em-
ployed a highly complex statistical tool (ML modelling) that allows us to separate
out the effect of each variable, and so account for the effects from higher levels
(environmental influences). Yet, having said that, even in the best circumstances,
correlation is not the same as causation.

One potential limitation of our study is the possibility that people may self-select
into neighbourhoods. That is, many of the idiosyncratic characteristics that affect
obesity may also affect neighbourhood choices. For instance, someone with a par-
ticular dislike for walking is both more likely to be obese and to prefer living where
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3.7 Conclusion

they can easily get around by car (Eid et al., 2008). A few studies that have sought
to observe this issue of reverse causality reached the conclusion that sorting rather
than causation is the mechanism which drives observed differences in individual
characteristics across places, or that correlation between sprawl and obesity does
not imply causation (Plantinga and Bernell, 2015). Arguably, controlling for unob-
served individual characteristics would be of great interest for this study; however,
data unavailability is a hurdle which unfortunately prevents us from controlling for
this, at least in the case of Spain. All in all, this analysis has added to the paucity of
literature examining the relationship between regional characteristics and obesity,
where much work remains to be done.

47





4 What drives regional differences in

Body Mass Index? Evidence from

Spain.

4.1 Introduction

The rapid increase of overweight and obesity around the globe has raised concerns
both from a health perspective and from an economic point of view, as it represents
a high risk factor for several chronic diseases like CVD, stroke, hypertension, di-
abetes, dyslipidaemia or some cancers (Malnick and Knobler, 2006). Overweight
generates negative effects on labour market performance e.g. (Cawley, 2004; Mor-
ris, 2006; Lindeboom et al., 2010; Kinge, 2016) and, directly and indirectly, in-
creases health care expenditure e.g. (Finkelstein et al., 2009; Tremmel et al., 2017).

Spain is one of the countries experiencing high trends in the prevalence of over-
weight and obesity compared to the OECD average (OECD, 2014). Specifically, 1
out of 6 adults is obese and more than 1 out of 2 is overweight (including obese) in
Spain. Notwithstanding, strong regional discrepancies in excess body weight exist
within the country, i.e., the residents of some regions exhibiting much higher aver-
age BMI rates than others (Gutierrez-Fisac et al., 1999; Valdes, 2014; Raftopoulou,
2017). Geographical disparities in health outcomes have been observed in other
countries as well. For example, Ellis and Fry (2010) consider several health in-
dicators, including life expectancy, childhood obesity, cancer deaths, smoking and
alcohol consumption to document the existence of a divide between northern and
southern regions of the UK, in favour of the latter. This result is also confirmed
by Hacking et al. (2011), showing a northern excess in all-cause mortality that re-
mained substantial and persistent over the four decades from 1965 to 2008 in Eng-
land, affecting relatively more males than females.

Investigating the existence and magnitude of regional differentials in BMI and analysing
the underlying determinants of such health disparities could be especially relevant
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for public health policy-makers, in their intent to meet the WHO target of halting
the rise of obesity to its 2010 level by 2025 (WHO, 2017). In addition, in contexts
where the NHS is decentralized and health competences are primarily the responsi-
bility of the country s regions, as in the case of Spain, local decision-makers need
to have evidence on health indicators at the regional level. Therefore, the ultimate
goal of this work is to produce evidence regarding the drivers of regional disparities
in BMI for the Spanish case.

In this paper we decompose regional differentials in BMI between northern and
southern Spanish regions 1. First, by means of OLS regression, we analyse the
relationship between BMI and several potential conditioning factors (basically so-
ciodemographic attributes, socioeconomic status and lifestyle characteristics) and
examine whether their conditional correlation with BMI is different between the two
groups of regions. Second, we decompose the observed average gap into the part at-
tributed to differences in observable determinants of BMI (i.e. the endowments) and
the part that is left unexplained and is due to differences in the return to observable
characteristics, using the classical Oaxaca-Blinder (OB) decomposition. Moreover,
as long as important differences in BMI occur away from the average, we proceed
with a distributional analysis by applying the Recentered Influence Function (RIF)
regression and the corresponding decomposition (Firpo et al., 2009; Fortin et al.,
2011). The RIF regression enables obtaining evidence along the unconditional dis-
tribution of BMI, which is especially important for the design of health and food
policies. Indeed, policy-makers are interested in targeting policies to individuals
who are (unconditionally) either underweight or obese, rather than those who ap-
pear in the two cues of the conditional distribution of BMI (i.e. whether they are
obese or underweight given their characteristics). Therefore, our main contribution
lies in the fact that we decompose regional differences in BMI along its uncondi-
tional distribution into the contribution of the endowment of observable character-
istics and the return to those characteristics. This way, we are able to observe what
happens at every part of the distribution and subsequently draw conclusions for the
more interesting tails, the upper one (obesity, severe obesity) 2 and the lower (un-
derweight) where relationships might vary. The analysis is carried out separately
by gender, as the underlying mechanisms that affect BMI and health outcomes in
general appear to be different for women and men.

1The results obtained under different grouping of regions will be analysed in the robustness
checks section.

2The WHO defines obesity as a BMI � 30kg/m2, while severe obesity corresponds to BMI
� 40kg/m2.
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Our findings indicate that the South to North gap in BMI is mostly driven by women,
whereas it is lower and not statistically significant for men (0.55 points, z-stat 3.1
for females relative to 0.11 points, z-stat 0.72 for males). Around 73% of the cross-
regional gap in BMI among women is accounted by differences in observable char-
acteristics. More specifically, women residing in the South have lower education
and income levels. The distributional analysis reveals that the South to North gap in
BMI for Spanish women tends to increase over its unconditional distribution, with
observable factors (especially schooling) making a growing contribution in explain-
ing the differential across the quantiles of BMI.

4.2 Related Literature

Two lines of research can be distinguished within the health economics literature
and specifically the economics of obesity, where decomposition methods have been
extensively employed. The first is linked to the well-known literature on SES-
related health inequalities 3 and refers to a set of studies aimed at quantifying and
decomposing the extent of inequalities in obesity risk via the calculation of con-
centration indexes. This research, mostly focused on developed countries, tends to
show that obesity is mainly concentrated among the poor, and inequality varies
over time, with education, demographics, income and life-style being its main
contributors (e.g. Zhang and Wang (2004); Costa-Font and Gil (2008); Nikolaou
and Nikolaou (2008); Ljungvall and Gerdtham (2010); Hajizadeh et al. (2014);
Davillas and Benzeval (2016)). The second line of research includes those studies
concerned with decomposing average BMI differentials by applying the Oaxaca-
Blinder method (Dutton and McLaren, 2011; Sen, 2014) or examining the entire
BMI distribution using conditional quantile regression (Costa-Font et al., 2009) 4.

Our paper is related to the latter group of studies that analyse BMI differentials,
adopting a geographical perspective. Although our study is not the first in decom-
posing BMI differentials 5 (Costa-Font et al., 2009, 2010a; Dutton and McLaren,
2011; Sen, 2014), to the best of our knowledge we are the first in performing a
detailed decomposition based on the RIF method and providing evidence for a Eu-
ropean country. Indeed, Dutton and McLaren (2016) used a similar technique utiliz-

3See for instance Kakwani et al. (1997); Wagstaff et al. (2003); van Doorslaer and Koolman
(2004)

4This tool has also been applied to other health issues such as differences in objective health
indices (Heger, 2016) or in low birth weight (Lhila and Long, 2012)

5Decomposition tools have been also applied to other health issues such as differences in objec-
tive health indices (Heger, 2016) or in low birth weight (Lhila and Long, 2012)
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ing Canadian data to examine the importance of individual - level characteristics for
explaining geographic variation in BMI distributions. They also performed quan-
tile regression and the corresponding decomposition, however focusing only on the
aggregated effects. We move a step further by presenting the detailed decomposi-
tion of the relevance of specific key factors for the design of interventions targeting
overweight individuals (such as age, education or lifestyle and food habits) in ac-
counting for the regional gap in BMI.

From the methodological point of view, our study is mostly based on the contribu-
tions of two seminal papers (Oaxaca, 1973; Blinder, 1973), which present a method
to decompose inter-group differences in the mean levels of an outcome into ex-
plained (i.e. difference in the endowment of observable characteristics) and unex-
plained (i.e. difference in the returns to those characteristics) factors using the OLS
regression estimates. This method has been widely applied within the field of labour
economics when decomposing average wage differentials by gender or ethnicity
(Reimers, 1983; O’Neill and O’Neill, 2006). However, an important limitation of
this approach is the focus on average gaps, thus neglecting important differences at
other points of the outcome’s distribution 6. Therefore, subsequent developments
extended the decomposition methods to other moments than the mean, or even to
the whole distribution of the outcome (Freeman, 1980, 1984; Juhn et al., 1993; Di-
Nardo et al., 1996; Machado and Mata, 2005)7.

In this paper, we apply a method that was proposed by Firpo et al. (2009), where
the (Recentered) Influence Function (RIF) for the distribution statistic of interest
is used – instead of the usual outcome variable – as the left-hand side variable in
a regression. The basic advantages of this analysis are twofold. First, it is not af-
fected by path dependency, and second, it enables a detailed decomposition. That
is, applying the OB decomposition to the RIF allows disentangling the observed
gap along the unconditional distribution of BMI into the contribution of composi-
tion and returns effects of single covariates (or group of covariates) included in the
model. It seems worth noting that the use of the RIF-Regression decomposition is
especially relevant in our framework, since providing evidence on the unconditional
distribution of BMI makes the analysis much more informative for policy-makers
who are interested in designing policies addressed to those who are either over- or

6Another drawback of the Oaxaca-Blinder (OB) decomposition is that it is path-dependent,
which means that the decomposition relies on the ordering of the explanatory variables.

7This set of approaches does have some drawbacks though. For example, the DFL (DiNardo
et al., 1996) method does not allow detailed decomposition, while the MM (Machado and Mata,
2005) approach that is based on the decomposition of differences along the conditional distribution
suffers from the problem of path-dependence on top of being computationally demanding.
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underweight (not conditionally to over- or underweight)8.

4.3 Data and Descriptive statistics

This paper draws on data from the 2014 wave of the Spanish version of the Euro-
pean Health Interview Survey (EHIS), which covers the population aged 15 or more
and contains several sociodemographic and health-related variables. Moreover, the
Spanish data of the EHIS survey are representative at the regional level (NUTS2),
which enables examining regional disparities in BMI and their determinants. The
original sample contains 22,842 observations. We keep only native Spaniards aged
18-65 at the time of the survey 9 with valid information on the relevant variables.10

We also discard observations from the Balearic and Canary Islands, as well as the
autonomous cities of Ceuta and Melilla that are located on the northern coast of
Africa. 11

As standard, body mass index or BMI is calculated as weight in kilograms divided
by the square of height in meters (kg/m2). These anthropometric measurements
are based on self-reported information. Notwithstanding, we will assess the extent
to which our benchmark findings are affected by the (potential) bias in BMI due
to the habitual misreporting of weight and height in self-reported survey data (e.g.
Bostrom and Diderichsen (1997); Kuczmarski et al. (2001); Gil and Mora (2011).
Better measurements of body fatness and associated health risks seem to exist, such
as the waist circumference or the waist-to-hip ratio (Janssen et al., 2004), however
this information is not available in our data set.12

Mostly following the existing literature on BMI, we divide the conditioning factors
into three main groups, namely 1) sociodemographic variables, 2) socioeconomic

8i.e., with very high or very low residuals, given the observed characteristics.
9The results are unaffected by the inclusion of migrants in the sample and controls for being

born abroad, having a foreign nationality and years since migration (quadratic). These results are
available upon request. Old-age individuals are disregarded to reduce the bias arising through larger
mortality among the more obese as well as the measurement error affecting self-declared weight and
height (and hence BMI) which tends to rise with age (Gil and Mora, 2011)

10The exception here is the variable family income, which is missing for a non-trivial proportion
of the sample (roughly 20%). Its adjustment and potential effects on our estimates will be examined
in the robustness checks section.

11Ceuta and Melilla were excluded due to their very low representativeness in the dataset, as
were the Balearic and Canary Islands since we assume they may have different influences due to
their geographical position in contrast to Spanish inland territory.

12Notice that others question the superiority of these alternatives proxies of adiposity and con-
clude they tend to complement BMI (ProspectiveStudiesCollaboration, 2009).
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status (SES), and 3) lifestyle variables (see Appendix: Table 4.8). Specifically, we
consider several dummies for age cohorts, the number of children in the household
and a dummy for being married for the first group of controls. For the second group
we proxy socioeconomic status with years of schooling, net family income in in-
tervals and with a dummy variable for being employed. Since both lifestyles and
food habits have been identified as key obesity-risk factors in the literature, we also
include indicators for sedentary behaviour at work, physical activity during leisure
time, daily smoking, alcohol consumption and consumption of meat, fruits, vegeta-
bles and legumes as our last group of controls.13

Figure 4.1 exhibits average BMI by ACs for the pooled sample and by gender,
where it is evident that geographical differences in BMI are much more pronounced
for women. Since our aim consists in disentangling the BMI between northern and
southern Spanish regions, we divided Spain into three groups. The group named
“South” consists of the regions or Autonomous Communities of Andalusia, Ex-
tremadura and Murcia and the second group, named “North”, comprises Asturias,
Cantabria, Galicia, Navarra, the Basque Country and Rioja. The remaining conti-
nental Spanish regions are considered to form part of the centre of the country and
are excluded from our empirical analysis. Notwithstanding, the results obtained
under other grouping of regions will be analysed in the robustness checks section.
Table 4.1 shows the resulting two groups of regions, with the corresponding ob-
servations contained in the estimation sample and some basic descriptive statistics
for BMI. We report a statistically significant difference of 0.34 units in mean BMI
between the South (25.96 kg/m2) and the North (25.62 kg/m2).

13Specifically, we measured the consumption of fruits, vegetables and legumes (meat) of between
4 to 6 times per week or higher intakes (less than once per week or never) as high (low) frequency
of consumption.
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Figure 4.1: Average BMI per region and by gender.

Table 4.1: Groups of regions

Sample size % Mean BMI S.D BMI

South

Andalucía 1.569 57.92 26.109 4.554
Extremadura 553 20.41 26.075 4.396
Murcia 587 21.67 25.728 4.201

Total 2709 100 25.955 4.469

North

Asturias 520 17.93 26.103 4.643
Cantabria 330 11.38 25.717 4.496
Galicia 585 20.17 26.504 4.833
Navarra 457 15.76 25.233 4.143
Basque Country 676 23.31 25.202 4.414
Rioja 332 11.45 25.004 3.986

Total 2900 100 25.621 4.455
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4.3.1 Descriptive statistics

Tables 4.2 and 4.3 report the sample means of the BMI indicator and its determi-
nants differentiating by regional group, for women and men respectively. As can
be appreciated, there are substantial differences in the endowment of characteristics
between the two groups of regions, which are generally statistically significant and
more pronounced for women.

Specifically, in Table 4.2, we document a large and significant difference in mean
weight level of around 1.59 kg (average height is roughly the same) between women
in the South and the North. As a result, the South to North BMI gap amounts to
a significant 0.55 kg/m2 (0.12 standard deviations apart). In terms of household
composition, a higher proportion of females in the South are married compared
to those living in the North. Interestingly, the data show the existence of a large
and significant difference in years of schooling, with females residing in the North
having almost 1.5 extra years of schooling (11.09 vs 10.48). Similarly, noticeable
differences to the detriment of females living in the South exist regarding income
and working status endowments. With respect to lifestyle characteristics, women in
the South are less likely to work in a sedentary job compared to their counterparts
in the North and are more likely to smoke on a daily basis and drink less alcohol
per week. In terms of food habits, women in the South tend to consume less red
meat (26% vs 37%) and less fruit. Differences in the consumption of vegetables and
legumes among women are not statistically significant between the two groups of
regions. Table 4.3 exhibits the same descriptive statistics for males. Interestingly,
we evidence the absence of any significant difference in BMI across the two areas.
Less remarkable differences in endowments between the South and the North are
shown as well.
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Table 4.2: Descriptive statistics by groups of regions for Women

South North

Variables Mean s.d. Mean s.d. Diff. South-North
Height 162.03 6.40 161.86 6.33 0.17
Weight 66.30 12.09 64.71 12.33 1.59***
BMI 25.29 4.62 24.74 4.79 0.55***
Sociodemographic characteristics

Age: 18-35 0.24 0.42 0.23 0.41 0.01
Age: 36-45 0.28 0.45 0.28 0.44 0.00
Age: 46-55 0.26 0.43 0.26 0.44 -0.00
Age: 55-65 0.22 0.41 0.23 0.43 -0.01

Household composition

Married 0.62 0.48 0.57 0.49 0.05***
Kids 0.60 0.83 0.49 0.74 0.11***
Socioeconomic status

Schooling 10.48 4.53 11.93 4.27 -1.45***
Income1 0.33 0.44 0.18 0.33 0.14***
Income2 0.27 0.41 0.21 0.36 0.05***
Income3 0.25 0.41 0.29 0.41 -0.04**
Income4 0.11 0.29 0.23 0.38 -0.12***
Income5 0.05 0.20 0.09 0.26 -0.04***
Working 0.46 0.49 0.61 0.48 -0.15***
Lifestyle variables

Sedentary job 0.28 0.44 0.31 0.46 -0.04**
Weekly sport activities 0.10 0.30 0.09 0.27 0.01
Daily smoker 0.27 0.44 0.23 0.42 0.04**
Weekly alcohol consumption 2.30 5.15 3.24 6.16 -0.95***
Food habits variables
Meat 0.26 0.43 0.37 0.47 -0.11***
Fruit 0.76 0.42 0.80 0.39 -0.05***
Vegetables 0.73 0.43 0.74 0.44 -0.01
Legumes 0.06 0.24 0.07 0.22 -0.01

Number of observations 1366 1494
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Table 4.3: Descriptive statistics by groups of regions for Men

South North

Variables mean s.d. mean s.d. Diff. south-north
Height 174.04 7.13 174.24 6.85 -0.20
Weight 81.01 13.21 80.95 12.61 0.06
BMI 26.76 4.17 26.65 3.83 0.13
Sociodemographic characteristics

Age: 18-35 0.26 0.43 0.19 0.39 0.07***
Age: 36-45 0.28 0.44 0.29 0.44 -0.01
Age: 46-55 0.27 0.44 0.25 0.44 0.02
Age: 55-65 0.18 0.39 0.27 0.44 -0.08***

Household composition

Married 0.63 0.48 0.59 0.49 0.04*
Kids 0.57 0.82 0.45 0.72 0.12***
Socioeconomic status

Schooling 10.01 4.10 11.19 4.01 -1.18***
Income1 0.31 0.43 0.15 0.30 0.17***
Income2 0.27 0.42 0.22 0.37 0.05***
Income3 0.24 0.41 0.29 0.42 -0.05***
Income4 0.12 0.31 0.25 0.39 -0.13***
Income5 0.06 0.22 0.10 0.27 -0.04***
Working 0.62 0.48 0.66 0.47 -0.05**
Lifestyle variables

Sedentary job 0.30 0.46 0.31 0.46 -0.01
Weekly sport activities 0.16 0.36 0.14 0.33 0.02
Daily smoker 0.33 0.47 0.30 0.46 0.03
Weekly alcohol consumption 8.47 13.38 9.74 14.02 -1.27**
Food habits variables

Meat 0.31 0.45 0.41 0.48 -0.10***
Fruit 0.70 0.45 0.69 0.46 0.02
Vegetables 0.62 0.48 0.60 0.49 0.02
Legumes 0.07 0.23 0.09 0.27 -0.02**

Number of observations 1343 1406
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4.4 Empirical Methodology

4.4.1 Average BMI Differentials between groups of regions.

Since only the descriptive statistics do not give us a clear picture of the ceteris
paribus effects, nor the contribution of each factor on the BMI difference between
the groups, we proceed first by running a simple OLS regression which explains
BMI as a function of a vector of control variables (Xi) divided into the three main
groups we mentioned before, namely 1) sociodemographic variables, 2) SES, and
3) lifestyle variables. We estimate the equation separately for Southern and North-
ern regions, that is

bmiSi = αS +βSXiS +uSi (4.1)

bmiNi = αN +βNXiN +uNi (4.2)

where the superscripts S and N indicate that the corresponding estimates are al-
lowed to be different for South and North, respectively. Next, with the aim of
appreciating the contribution of the covariates on the observed BMI disparities be-
tween the groups of regions, we utilize the Oaxaca-Blinder (OB) decomposition
(Oaxaca, 1973; Blinder, 1973). This widely used decomposition method disentan-
gles average outcome differentials into the contribution of the (average) endowment
of observable characteristics (i.e. the explained or composition component) and the
contribution of unexplained factors or structure effect (which is captured by differ-
ences in the estimated coefficients). Furthermore, as suggested by Fortin (2008)
and Fortin et al. (2011) , we estimate the non-discriminatory reference BMI struc-
ture from a pooled regression with all the selected regions together, imposing an
identification restriction that ensures that the BMI advantage of one group of re-
gions equals the disadvantage suffered by the other group, that is:

bmii = α+β′Xi+γNI (N = 1)+γSI (S = 1)+ui (4.3)

subject to γS +γN = 0

Equation (2) is estimated using the pooled sample, and contains indicators for be-
longing to the North or South (L = 1 if South, 0 if North). The estimated vector of
β coefficients thus represents the nondiscriminatory BMI structure that is used in
the decomposition. From the estimates of equation (2) we decompose the raw BMI
differentials between groups of regions into different components as follows:
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bmiS − bmiN =
(
XS −XN
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=
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The term
(
XS −XN

)
β̂ represents the composition effect (i.e. share of average
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)
−
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corresponds

to the part of the mean BMI differential that can be attributed to different coefficients
or returns to observable characteristics across regions (including the intercept). 14

It seems worth noticing that the term E [ui|N = 1]−E [ui|S = 1] =is assumed to
be zero, which corresponds to the hypothesis that differences in unobservable de-
terminants of BMI are the same between the two groups of regions. There are,
however, at least two possible situations that might invalidate this hypothesis. First,
unobservable characteristics such as cultural differences, and the quality of school
and health services might be more favourable for residents in northern (and richer)
regions. Second, there could be endogenous residential sorting, due to the fact that
the movers with better unobservable characteristics could be more likely to migrate
from the south to the north. In any of these two cases, the difference in the coef-
ficients between northern and southern regions would be overestimated, due to the
potential upward bias in the coefficients of the former group. Unfortunately, we
are unable to explicitly gauge the relevance of this possible issue (and eventually
address it) with the available data. However, as we show later, the contribution of
differences in coefficients in rather limited in this specific application, which is re-
assuring. Moreover, in the discussion of the results we mostly focus on the analysis
of differences in endowments between regions.

4.4.2 Distributional BMI Differentials

One limitation of the OB decomposition is that it provides evidence about average
BMI differences across the groups of regions, whereas by focusing only on average
gaps one may miss important differences at other points of the BMI distribution (es-

14Moreover, the two components of the OB decomposition can be further divided into the contri-
bution of each specific covariate and the corresponding coefficient (detailed decomposition), which
can eventually also be aggregated into subgroups (as explained later). However, the presence of
categorical variables makes the results of the detailed decomposition dependent on the choice of the
reference category. This issue can be avoided by “normalizing” the effects of discrete covariates as
explained in Jann (2008).
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pecially at the top, corresponding to obesity and severe/morbid obesity categories).
Therefore, we investigate distributional BMI differences by means of the Uncon-
ditional Quantile Regression (UQR) method proposed by Firpo et al. (2009). 15

The UQR is based on the statistical concept of the Influence Function (IF), which
represents the influence of an individual observation on a distributional statistic of
interest (e.g. the quantile). By adding back the statistic to the corresponding IF, it is
possible to obtain the Recentered Influence Function (RIF) for each quantile of the
outcome. The RIF Regression estimates the marginal effects of a set of characteris-
tics on an unconditional distributional statistic of an outcome variable. The RIF for
the th quantile (qτ ) of BMI corresponds to,

RIF (bmii, qτ ) = qτ + IF (bmii, qτ ) = qτ +
τ − I(bmii ≤ qτ )

fbmii(qτ )
(4.5)

where fbmii(qτ ) is the unconditional density of BMI evaluated at the th quantile
and I an indicator function. By replacing the unknown elements of equation (4.5)
by their sample estimators it is possible to obtain an estimate of the RIF, which is,

̂RIF (bmii, qτ ) = q̂τ + ÎF (bmii, qτ ) = q̂τ +
τ − I(bmii ≤ q̂τ )

f̂bmii(q̂τ )
(4.6)

where f̂bmi(q̂τ ) corresponds to a Kernel density estimator of the unconditional den-
sity function of the outcome. The RIF for a given quantile can be taken as a linear
approximation of the nonlinear function of the quantile, and captures the change
of the (unconditional) quantile of the outcome in response to a change in the un-
derlying distribution of the covariates (Firpo et al., 2009). It can be shown that the
expected value of the RIF for selected quantiles of the unconditional distribution of
BMI (q̂τ ) can be modelled to be a linear function of explanatory variables, as in a
standard linear regression.
Given the linear approximation of the conditional expectation of the RIF and the
theoretical property stating that the average RIF (bmii, q̂τ ) is equal to the cor-
responding marginal quantile of the distribution of the outcome, is it possible to
generalize the standard OB decomposition of average outcomes to a distributional
decomposition applied to the unconditional distribution of the outcome (see Firpo et
al., 2009 and Fortin et al., 2011 for technical details). In other words, it is possible to
examine the contribution of both the endowment of observable characteristics and
the returns to these characteristics, in explaining the estimated unconditional BMI
gap across groups of regions, applying the decomposition for average outcomes de-

15Notice that the same potential pitfalls regarding unobservable characteristics and residential
sorting highlighted for the OB decomposition could also apply to the one based on RIF regressions.
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scribed by equation (3) to the RIF, that is:
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XS

(
β̂Sτ − β̂τ

)
+(α̂Sτ − α̂τ )

)
−
(
XN

(
β̂Nτ − β̂τ

)
+(α̂Nτ − α̂τ )

)]
(4.7)

Here β̂τ corresponds to the nondiscriminatory BMI structure (estimated from a
pooled RIF regression) at quantile estimated in a similar fashion as equation (4.3).
Similar to equation (4.4), the term

(
XS −XN

)
β̂τ represents the composition ef-

fect and the term
(
XS

(
β̂Sτ − β̂τ

)
+(α̂Sτ − α̂τ )

)
−
(
XN

( ̂βNτ − ̂βτ

)
+( ̂αNτ − ̂ατ )

)
captures the unexplained component of BMI differential evaluated at the -quantile
of the unconditional distribution of BMI. There are several advantages of this method.
Its computational cost is minimal and it provides path independent detailed decom-
positions of both components.

4.5 Results

OLS Estimates

Table 4.4 shows the OLS estimates of the BMI determinants separately for the South
and the North and distinguishing by gender. The findings point out the existence of
a heterogeneous pattern of correlates between BMI and its covariates both across
regions and by gender. That is, control variables affect individual BMI differently
depending on the group of regions the person belongs to and on whether they are
females or males. Certainly, Table 4.4 evidences a positive age gradient in mean
BMI in both regions and for both genders, however this effect is comparatively
stronger for females. In terms of household composition, being married is only
significant for men in the South group of regions, while number of children in the
household is a significant control (with a negative impact on BMI) only for women
and men in Northern regions. Schooling exerts the expected negative effect on
mean BMI, while on the contrary, family income barely affects BMI regardless of
geographical location and gender.Statistically significant coefficients and with the
expected sign are also found for other key BMI determinants. More specifically,
working in a sedentary job has a positive and statistically significant conditional
association with BMI for females in both areas of the country, although for males
this variable is only significant in the South. Regarding physical activity during
leisure time, the estimates for females indicate a negative association with BMI
only in Northern regions, whereas for males doing sports at least once per week is
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negatively associated with BMI, with a stronger effect in the South. Finally, daily
smokers exhibit lower BMI levels, as widely reported in the literature (Dare et al.,
2015).
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Table 4.4: BMI Estimations: OLS Results

Women Men

South North South North

Constant 26.515*** 26.695*** 26.090*** 26.655***

(0.543) (0.654) (0.459) (0.499)

Sociodemographic characteristics

Age: 18-35 (reference category) reference category

Age: 36-45 0.514 0.670* 1.043*** 1.756***

(0.365) (0.335) (0.310) (0.308)

Age: 46-55 1.499*** 1.218*** 1.276*** 2.107***

(0.357) (0.351) (0.331) (0.307)

Age: 55-65 2.465*** 1.397** 1.683*** 1.984***

(0.409) (0.440) (0.390) (0.335)

Household composition

Married 0.450 0.557 1.109*** 0.438

(0.290) (0.289) (0.289) (0.249)

Kids -0.153 -0.595*** 0.018 -0.503***

(0.175) (0.167) (0.152) (0.145)

Socioeconomic status

Schooling -0.220*** -0.240*** -0.076* -0.115***

(0.036) (0.041) (0.032) (0.030)

Income1 (reference category) reference category

Income2 0.250 -0.259 0.655* -0.163

(0.326) (0.409) (0.320) (0.383)

Income3 -0.221 -0.632 0.151 0.159

(0.338) (0.419) (0.351) (0.378)

Income4 -0.269 -1.159** -0.477 -0.234

(0.471) (0.444) (0.399) (0.394)

Income5 -0.637 -1.534** 0.137 0.287

(0.507) (0.566) (0.494) (0.504)

Working -0.367 -0.265 -0.653* 0.021

(0.261) (0.267) (0.275) (0.258)

Lifestyle variables

Sedentary job 0.771** 0.781** 0.641* 0.223

(0.288) (0.301) (0.259) (0.227)

Weekly sport activities -0.580 -0.724* -1.272*** -1.047***

(0.373) (0.348) (0.246) (0.238)

Daily smoker -0.521 -0.807** -0.820*** -0.673**

(0.278) (0.287) (0.241) (0.238)

Weekly alcohol consumption -0.046* 0.005 0.013 -0.001

(0.021) (0.018) (0.009) (0.008)

Food habits variables

Meat 0.334 0.401 0.136 0.174

(0.287) (0.252) (0.248) (0.203)

Fruits -0.145 0.707* -0.286 0.112

(0.311) (0.299) (0.256) (0.230)

Vegetables 0.248 0.265 0.546* -0.312

(0.281) (0.284) (0.226) (0.214)

Legumes -0.326 -0.795 -0.033 0.137

(0.447) (0.466) (0.481) (0.362)

R-squared 0.156 0.138 0.114 0.097

Number of Observations 1366 1494 1343 1406
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OB decomposition results

Tables 4.5 and 4.6 present the aggregated and detailed OB decomposition results
respectively, differentiating by gender. The decomposition analysis shown in Ta-
ble 4.4 evidences that up to 73% (0.40 BMI units) of the overall South to North
mean BMI gap for women (0.55 BMI units) is due to differences in endowments,
whereas the remaining 27% (0.15 BMI units) is due to the differences in coefficients
or returns to BMI determinants. This finding indicates that a policy intervention
addressed to equalize certain endowments across regions (particularly schooling)
would reduce the mean BMI gap among women quite significantly. Interestingly,
the results show that while the explained part is mostly driven by more disadvan-
taged SES endowments of women living in the South, lifestyle characteristics are
to the detriment of females living in the North. Moving on to the detailed decom-
position (see Table 4.5), we identify differentials in average years of schooling as
by far the single most important contributor in explaining the greater mean BMI
level for Southern women. Differences in income are also relevant factors in the
explained part to the detriment of women in the South, but with a more modest
contribution. In contrast, healthy (unhealthy) lifestyles such as low consumption
of meat (daily smoking), as well as the number of children in the household are in
favour of women living in the South (though their contribution is low). As shown
in Table 4.5, as a whole, the unexplained part or returns to certain characteristics,
which accounts for 27% of the total gap for females, is not statistically significant.
The OB decomposition analysis suggests that the average BMI differential across
regions for males is small (0.11 BMI points) and insignificant. The contribution
of explained factors is also insignificant for males, since the more advantaged en-
dowment of SES variables for those residing in the north of the country tends to
compensate with their unfavourable distribution of sociodemographic and lifestyle
variables (relative to men residing in southern regions).
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Table 4.5: Oaxaca Decomposition (Aggregated Results)

Women Men

Overall decomposition Mean BMI z-stat Mean BMI z-stat

South regions 25.29 203.18 26.76 235.69
North regions 24.74 198.12 26.65 257.39
BMI Difference (south-north) 0.55 3.11 0.111 0.72

Explained difference 0.40 4.68 -0.04 -0.58

Sociodemographic characteristics -0.04 -1.08 -0.12 -3.19
SES 0.53 8.02 0.15 3.39
Lifestyle -0.09 -2.65 -0.07 -2.60

Unexplained difference 0.15 0.87 0.15 0.99

Sociodemographic characteristics 0.14 0.62 0.64 3.02
SES 0.07 0.10 0.05 0.10
Lifestyle -0.72 -1.58 0.40 1.09
Constant 0.66 0.74 -0.94 -1.31
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Table 4.6: Oaxaca Decomposition (Detailed Results)

Women Men

Overall Decomposition Mean BMI z-stat Mean BMI z-stat

South regions 25.29 203.18 26.76 235.69
North regions 24.74 198.12 26.64 257.39
BMI Difference (south-north) 0.55 3.11 0.11 0.72

Explained Unexplained Explained Unexplained

Coef. z-stat Coef. z-stat Coef. z-stat Coef. z-stat

0.40 4.68 0.15 0.87 -0.04 -0.58 0.15 0.99

Sociodemographic characteristics -0.03 -1.08 0.14 0.62 -0.12 -3.19 0.64 3.02
Age: 18-35 -0.01 -0.32 -0.07 -0.94 -0.08 -3.94 0.10 1.62
Age: 36-45 -0.00 -0.32 -0.13 -1.36 -0.00 -0.20 -0.07 -0.90
Age: 46-55 -0.00 -0.16 -0.00 -0.06 0.01 0.90 -0.09 -1.42
Age: 55-65 -0.01 0.01 0.17 2.01 -0.48 -2.98 0.03 0.48
Married 0.02 1.79 -0.06 -0.26 0.02 1.68 0.41 2.77
Kids -0.04 -2.35 0.23 1.83 -0.25 -1.74 0.25 2.48
SES 0.53 8.02 0.07 0.10 0.15 3.39 0.05 0.10
Schooling 0.33 6.09 0.23 0.37 0.11 3.87 0.41 0.90
Income1 0.06 2.14 -0.14 -1.35 -0.16 -0.52 -0.01 -0.14
Income2 0.02 2.13 -0.01 -0.12 0.01 1.34 0.17 2.42
Income3 -0.00 -0.33 -0.03 -0.43 -0.01 -0.87 -0.02 -0.34
Income4 0.04 1.73 0.05 0.99 0.05 2.52 -0.05 -1.15
Income5 0.03 2.30 0.02 0.80 -0.00 -0.58 -0.02 -0.61
Working 0.05 1.71 -0.55 -0.28 0.01 1.37 0.43 -1.80
Lifestyle variables -0.09 -2.65 -0.72 -1.58 -0.07 -2.60 0.40 1.09
Sedentary job -0.03 -1.83 -0.00 -0.02 -0.00 -0.55 0.13 1.22
Weekly sport activities -0.00 -0.68 0.01 0.29 -0.02 -1.53 -0.03 -0.66
Daily smoker -0.03 -1.99 0.07 0.72 -0.02 -1.43 -0.05 -0.44
Weekly alcohol consumption 0.02 1.25 -0.13 -1.95 -0.01 -0.96 0.13 1.27
Meat -0.04 -1.89 -0.20 -0.18 -0.02 -1.09 -0.01 -0.10
Fruits -0.01 -1.14 -0.66 -1.99 -0.00 -0.33 -0.27 -1.16
Vegetables 0.00 -0.49 -0.12 -0.04 0.00 0.62 0.52 2.77
Legumes 0.00 0.57 0.03 0.73 -0.00 -0.25 -0.01 -0.28

Constant 0.66 0.74 -0.94 -1.31

In what follows, we move a step ahead from the simple decomposition of average
differentials and by means of RIF-regressions we disentangle the factors behind the
North to South gap for males and females over the entire unconditional distribution
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of BMI.

4.5.1 RIF decomposition results

Figure 4.2 presents the aggregated RIF decomposition results separately for women
and men at the different deciles of the unconditional distribution of BMI. Since
we obtained no evidence of significant regional gaps at any point of the BMI dis-
tribution for men, we show the tables of the aggregated and the detailed RIF-
decomposition results only for women (Table 4.7 and Table 4.9 of the Appendix 16

respectively). As shown in Table 4.7, BMI differences in women between the two
sets of regions appear to be quite stable from Q2 to Q8 (except Q7) since the increas-
ing contribution of the explained part tend to be compensated with the decreasing
contribution of unexplained factors. Interestingly, however the data also reveal that
the explained (unexplained) portion of the gap steadily increases (decreases) over
the quantiles, revealing that what really matters to deal with the obesity epidemic
among overweight women is to focus the attention on regional disparities in en-
dowments. Note that the contribution of differences in observable characteristics
is always statistically significant and reaches its highest values at the 8th and 9th
deciles that correspond to high levels of overweight or pre-obesity statuses among
women.

The pattern regarding the separate contribution of groups of covariates is in line with
what we obtained from the decomposition of average differentials. It seems worth
noticing the significant increase in the role played by SES across the distribution
of BMI. More specifically, the positive contribution of observable characteristics is
mainly driven by schooling, while income and employment status also contribute to
the explained part of the difference. We show that schooling is the main contributor
throughout the BMI distribution whereas, on the contrary, food habits (mainly meat
consumption) are detrimental for women in the North. While women in the North
are worse off with respect to their lifestyle habits (eating habits and physical activ-
ity), they have much more advantaged endowments with respect to their SES status
and, as a result, they exhibit lower BMI values. Overall, the unexplained factors
are significant at the bottom tail, while most of the difference at the higher parts of
the distribution is attributed to explained factors. The evidence from the RIF de-

16Table 4.9 in the Appendix contains the detailed RIF decomposition results for the top three
deciles of the unconditional distribution of BMI for women as they correspond to overweight and
obesity statuses. Detailed results for all the deciles are available upon request.
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composition suggests that policies aimed at enhancing women’s human capital in
the South of Spain could reduce the prevalence of overweight and obesity problems
and favour convergence to the relatively lower values observed in northern Spanish
regions.

Figure 4.2: RIFR Decomposition
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Table 4.7: Quantile Decomposition (Women)

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9

South 20.24 21.46 22.49 23.44 24.44 25.61 26.94 28.74 31.60
z-stat 169.01 179.32 179.39 174.66 163.51 152.46 145.59 124.65 91.31
North 19.73 20.83 21.83 22.73 23.81 24.93 26.39 28.04 31.28
z-stat 194.59 187.74 184.38 180.20 169.86 154.74 146.05 126.03 108.23

BMI Difference (south-north) 0.50 0.63 0.66 0.71 0.63 0.68 0.55 0.70 0.32

z-stat 3.22 3.87 3.85 3.86 3.10 2.92 2.13 2.19 0.71

Explained difference 0.11 0.15 0.24 0.30 0.36 0.50 0.59 0.71 0.77

z-stat 1.84 2.22 3.13 3.57 3.81 4.78 5.21 5.25 4.27

Sociodemographics 0.01 0.01 0.00 -0.03 -0.06 -0.05 -0.04 -0.05 -0.09
z-stat 0.56 0.18 0.07 -0.60 -1.38 -1.14 -1.01 -0.99 -1.53
SES 0.13 0.18 0.27 0.37 0.52 0.63 0.75 0.87 0.99
z-stat 2.82 3.65 5.19 6.50 7.53 7.92 8.10 7.85 6.83
Lifestyle habits -0.03 -0.03 -0.03 -0.05 -0.10 -0.09 -0.12 -0.11 -0.13
z-stat -0.93 -1.10 -1.08 -1.41 -2.48 -2.03 -2.50 -1.89 -1.61

Unexplained difference 0.39 0.48 0.42 0.41 0.27 0.18 -0.04 -0.01 -0.45

z-stat 2.41 2.88 2.46 2.26 1.37 0.79 -0.14 -0.03 -0.99

Sociodemographics 0.33 0.08 -0.01 0.01 0.17 0.26 0.06 0.10 -0.29
z-stat 1.52 0.35 -0.04 0.05 0.65 0.86 0.19 0.24 -0.48
SES 0.01 -0.08 -0.41 -0.28 -0.19 -1.18 -0.36 0.28 0.15
z-stat 0.03 -0.15 -0.71 -0.45 -0.28 -1.47 -0.40 0.25 0.09
Lifestyle habits -0.95 -0.76 -0.45 -0.00 -0.40 -0.34 -1.09 -1.19 -0.98
z-stat -1.99 -1.71 -0.99 -0.00 -0.75 -0.56 -1.66 -1.44 -0.85
Constant 0.10 1.24 1.29 0.68 0.69 1.43 1.35 0.79 0.67
z-stat 1.36 1.67 1.65 0.81 0.74 1.32 1.12 0.52 0.31

4.5.2 Robustness checks

In this section we consider the robustness of the previous findings with respect to
three main issues that might affect our estimations: the presence of missing values
in the family income variable, the potential bias in BMI due to the self-reported
nature of the variables height and weight in the EHIS survey and the grouping of
regions that we adopted in this work.

Regarding the first issue, so far we considered that the relatively high proportion
(around 20%) of missing values in net family income is at random, and the corre-
sponding observations were excluded. In order to deal with the potential selectivity
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bias due to the non-randomness of non-reporting in the household income variable,
which is reported in intervals, we repeat the estimation including all the observa-
tions, plus an additional dummy variable for missing family income. Moreover,
we also replace missing values in income categories with predicted values obtained
from an ordered probit model based on demographics, SES status and other in-
formation of the head of the household and spouse (Allison, 2001). As it can be
appreciated in columns (1) and (2) of Table 4.11 in the Appendix, the overall results
from the OB decomposition is mostly unaffected by imputing missing values of
family income using the two selected techniques. We only observe a small decrease
in the contribution of endowments for females.

Second, we adjust self-declared weight, height and the subsequent computation of
BMI to deal with the misreporting of such information by adopting the procedure
proposed by Gil and Mora (2011). Also under this alternative scenario, the re-
sults from the decomposition of average BMI differentials is virtually unaffected,
as shown in column (3) of Table E.

Third, we analyse the results obtained under alternative groupings of Spain’s re-
gions. In column (4) of Table 4.11 we adopt the Eurostat NUTS-2 classification
rather than our ad-hoc classification. This implies adding the region of Aragon in
the group of northern regions and Extremadura is excluded from the group of south-
ern regions. Finally, in column (5) we deviate from a purely geographical criterion
and we rank regions according to the distribution of GDP per capita in year 2014
(Spanish Regional Accounts, Base 2010, National Statistics Institute - INE). We
split regions into three parts of equal size, according to the distribution of GDP per
capita and select the top and the bottom groups, corresponding to high-and-low in-
come regions respectively. 17 Interestingly, using the NUTS-2 definition of regions
does not alter our results, whereas as expected splitting the regions according to
aggregate income per capita increases BMI differentials, which are now significant
for both genders, and the unexplained part now becomes preponderant with respect
to the explained part.

17High-income regions are: Madrid, Basque Country, Navarra, Catalonia and Rioja; whereas
low-income regions are: Andalucia, Extremadura, Castilla-La Mancha, Murcia and Galicia. The
group of regions belonging to the central part of the distribution are excluded. Notice that the Islands
and Ceuta and Melilla territories are excluded from the analysis (see footnote 6).
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4.6 Conclusion

This paper investigates the conditioning factors behind the North–South BMI di-
vide in Spain. We use decomposition analysis that enables us to disentangle the
contribution of each covariate and the corresponding coefficients to this difference.
Starting with the OB decomposition, we reveal that the mean BMI gap between the
South and North of Spain is mostly driven by differences between women residing
in the two areas of the country. A large and significant part of this regional average
gap in BMI (73%) is due to differences in endowments related to SES status (basi-
cally years of education), whereas differences in returns to such characteristics play
a minor and insignificant role in accounting for the observed BMI differential. 18

Indeed, in view of the epidemic of obesity as a global public health concern, policy-
makers are mostly interested in designing effective policies against the overweight
and obese. Hence, we proceed with the distributional analysis and the correspond-
ing decomposition, since the findings at the upper tail of the BMI distribution are
the ones actually capturing overweight and obesity problems. Interestingly, we ev-
idence that differences in SES endowments and particularly schooling explain a
very significant part of the women’s North to South differential (accounting for up
to 85% of the gap at the 8th decile) at the top of the BMI distribution. Notice these
findings prove to be quite robust to alternative scenarios dealing with missing infor-
mation, BMI bias and regional grouping.

Therefore, a significant part of the cross-regional BMI gap can be mitigated by im-
plementing the right policies focused on improving human capital. Given that the
education gradient in obesity seems to be much stronger in women than in men (as
in Devaux et al. (2011)), efforts aimed at improving (years of) schooling for women
in the South would substantially mitigate differences in overweight and obesity be-
tween the two groups of regions. Such a policy intervention would additionally re-
duce differences in obesity-related diseases and/or improve health in general, inas-
much as obesity constitutes a key risk factor for many chronic conditions and health
complications. However, it must also be stressed that even equalizing the female
endowments across the two groups of regions, there would still be a certain differ-
ential in BMI that penalizes southern Spanish regions in terms of the prevalence of
overweight and obesity problems.

18This evidence is reassuring for the usefulness of our results for policymaking, since we are
unable to solve the potential caveats due to selection across regions and unobserved heterogeneity.
Dealing with this issue will be object of future research, when more detailed data will be made
available.
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This is in line with the evidence from existing related research, suggesting that
regional inequalities in education are responsible for regional health inequalities
(Safaei, 2014; Ergin and Kunst, 2015). Ballas et al. (2012) report that inequalities
in education between regions observed in several EU countries tend to reinforce in-
equalities between income, wealth, social status and health, contributing to persis-
tent inter-regional disparities. How educational inequalities translate into income,
employment and health disparities through a complex set of mechanisms is a re-
search question beyond the aims of this work. Albeit in this specific paper we do
not provide causal evidence, the results exhibit a very strong conditional correlation
between education and BMI, being the endowment of the former variable responsi-
ble for a substantial share of the gap in BMI between women residing in different
Spanish regions. Indeed, this is consistent with the causal evidence obtained by
Brunello et al. (2013) for several European countries, indicating that exogenous in-
creases in schooling generate a protective effect for females (but no such causal
impact is found for males). Therefore, the causal effect of education in mitigating
regional disparities in BMI, overweight and obesity and consequently other health
related variables should be further investigated in future research.
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4.7 Appendix

Table 4.8: Description of dependent and independent variables

Variables Description

Dependent Variable
BMI weight in kg divided by height in meters squared ((kg)/(m2))

Independent Variables

Demographics

Age: 18-35 1 when aged 18-35 , 0 otherwise
Age: 36-45 1 when aged 36-45, 0 otherwise
Age: 46-55 1 when aged 46-55, 0 otherwise
Age: 55-65 1 when aged 55 65, 0 otherwise
Male 1 when male, 0 otherwise
Married 1 when married, 0 otherwise
Kids number of children in the household

SES

Schooling years of schooling (derived by the education level)
Income1 net family income lower than 970 euros/month
Income2 net family income ranges from 970 to 1400 euros/month
Income3 net family income ranges from 1401 to 2040 euros/month
Income4 net family income ranges from 2041 to 3280 euros/month
Income5 net family income is higher than 3280 euros/month
Working 1 if working, 0 otherwise

Lifestyle variables

Sedentary job 1 if working in a sedentary job, 0 otherwise
Weekly sport activities 1 if doing a physical activity many times per week, 0 otherwise
Daily smoker 1 if daily smoker, 0 otherwise
Weekly alcohol consumption (index) daily alcohol consumption (in grams)
Meat 1 if consumes meat more than 4 times per week, 0 otherwise
Fruits 1 if consumes fruit more than 4 times per week, 0 otherwise
Vegetables 1 if consumes vegetables more than 4 times per week, 0 otherwise
Legumes 1 if consumes legumes more than 4 times per week, 0 otherwise
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Table 4.9: Detailed RIFR Decomposition (Women)

Q7 Q8 Q9

mean

BMI
z-stat

mean

BMI
z-stat

mean

BMI
z-stat

South 26.94 145.59 28.74 124.65 31.60 91.31

North 26.38 146.05 28.04 126.03 31.28 108.23

Coef. z-stat Coef. z-stat Coef. z-stat

BMI Difference (south-north) 0.55 2.13 0.70 2.19 0.32 0.71

Explained difference 0.59 5.21 0.71 5.25 0.76 4.27

Sociodemographics

Age: 18-35 -0.01 -0.54 -0.01 -0.54 -0.01 -0.54

Age:36-45 -0.00 -0.13 -0.00 -0.32 -0.00 -0.31

Age:46-55 -0.00 -0.14 -0.00 -0.14 -0.00 -0.16

Age: 55-65 -0.01 -0.72 -0.01 -0.72 -0.01 -0.71

Married 0.03 1.67 0.05 1.88 0.01 0.56

Kids -0.05 -2.07 -0.07 -2.35 -0.07 -1.97

SES

Schooling 0.38 5.52 0.44 5.30 0.54 4.77

Income1 0.15 3.27 0.14 2.69 0.18 2.39

Income2 0.04 2.32 0.05 2.28 0.05 1.73

Income3 -0.00 -0.07 0.00 0.07 0.01 0.49

Income4 0.05 1.50 0.09 2.44 0.11 2.34

Income5 0.06 3.02 0.05 2.44 0.04 1.85

Working 0.07 1.68 0.09 1.60 0.06 0.82

Lifestyle habits

Sedentary job -0.03 -1.72 -0.04 -1.80 -0.08 -1.88

Weekly sport activities -0.00 -0.64 -0.00 -0.63 -0.00 -0.53

Daily smoker -0.03 -1.84 -0.02 -1.34 -0.02 -1.11

Weekly alcohol consumption 0.02 0.79 0.04 1.63 0.10 2.58

Meat -0.06 -1.83 -0.07 -1.83 -0.09 -1.65

Fruits -0.02 -1.18 -0.01 -0.71 -0.04 -1.34

Vegetables -0.00 -0.49 -0.00 -0.48 0.00 0.27

Legumes 0.00 0.56 0.00 0.56 0.00 0.22

Unexplained difference -0.04 -0.14 -0.01 -0.03 -0.44 -0.99

Sociodemographics

Age: 18-35 0.01 0.14 -0.00 -0.03 -0.37 -2.00

Age:36-45 -0.10 -0.73 -0.10 -0.61 -0.14 -0.61

Age:46-55 -0.19 -1.70 -0.16 -1.09 0.19 0.90

Age: 55-65 0.23 1.86 0.22 1.39 0.29 1.24

Married 0.04 0.11 0.07 0.16 -0.55 -0.86

Kids 0.07 0.38 0.08 0.32 0.29 0.92

SES

Schooling -0.01 -0.02 0.22 0.22 0.73 0.50

Income1 -0.28 -1.90 -0.00 -0.03 0.05 0.19

Income2 -0.03 -0.29 -0.17 -1.15 -0.20 -0.90

Income3 -0.14 -1.18 -0.14 -0.94 0.16 0.83

Income4 0.16 1.98 0.10 1.02 0.04 0.37

Income5 0.05 1.00 0.04 0.68 -0.00 -0.14

Working -0.09 -0.32 0.24 0.64 -0.63 -1.23

Lifestyle habits

Sedentary job 0.06 0.38 -0.01 -0.03 0.09 0.28

Weekly sport activities 0.04 0.56 -0.07 -0.76 -0.08 -0.64

Daily smoker 0.01 0.07 -0.00 -0.02 0.13 0.50

Weekly alcohol consumption (index) -0.15 -1.24 -0.13 -0.94 -0.13 -0.78

Meat -0.10 -0.58 -0.00 -0.03 0.23 0.77

Fruits -0.91 -1.80 -1.25 -2.00 -1.18 -1.40

Vegetables -0.09 -0.22 0.21 0.39 -0.01 -0.01

Legumes 0.04 0.59 0.06 0.81 -0.03 -0.22

Constant 1.35 1.12 0.79 0.52 0.67 0.31



4 What drives regional differences in Body Mass Index? Evidence from Spain.

Table 4.10: Detailed RIFR Decomposition (Men)

Q7 Q8 Q9

mean

BMI
z-stat

mean

BMI
z-stat

mean

BMI
z-stat

South 28.38 195.17 29.67 154.85 31.95 121.48

North 28.08 192.33 29.59 162.86 31.75 133.39

Coef. z-stat Coef. z-stat Coef. z-stat

BMI Difference (south-north) 0.30 1.46 0.08 0.29 0.20 0.57

Explained difference 0.02 0.18 -0.00 -0.01 0.10 0.67

Sociodemographics

Age: 18-35 -0.08 -3.58 -0.08 -3.31 -0.10 -3.23

Age:36-45 -0.00 -0.20 -0.00 -0.17 -0.00 -0.20

Age:46-55 0.01 0.88 0.00 0.74 0.00 0.58

Age: 55-65 -0.04 -2.07 -0.06 -2.31 -0.06 -1.80

Married 0.03 1.58 0.03 1.49 0.00 0.27

Kids -0.04 -1.97 -0.05 -2.19 -0.04 -1.33

SES

Schooling 0.15 3.81 0.17 3.46 0.22 3.32

Income1 -0.02 -0.62 -0.02 -0.42 0.05 0.66

Income2 0.02 1.65 0.02 1.40 0.01 0.87

Income3 -0.00 -0.16 0.00 0.39 0.01 0.82

Income4 0.05 1.94 0.04 1.20 0.08 1.80

Income5 -0.00 -0.40 -0.00 -0.30 -0.01 -0.48

Working 0.02 1.66 0.03 1.64 0.03 1.39

Lifestyle habits

Sedentary job -0.00 -0.55 -0.01 -0.56 -0.01 -0.55

Weekly sport activities -0.03 -1.52 -0.04 -1.53 -0.04 -1.52

Daily smoker -0.01 -1.26 -0.01 -1.16 -0.03 -1.34

Weekly alcohol consumption -0.01 -0.76 -0.02 -1.08 0.01 0.47

Meat -0.01 -0.73 0.00 0.32 -0.00 -0.06

Fruits -0.00 -0.26 -0.00 -0.55 -0.02 -1.01

Vegetables 0.00 0.63 0.00 0.71 0.01 0.76

Legumes -0.00 -0.26 -0.00 -0.42 -0.01 -0.83

Unexplained difference 0.28 1.34 0.08 0.29 0.10 0.28

Sociodemographics

Age: 18-35 0.11 1.26 0.16 1.54 0.11 0.77

Age:36-45 0.00 0.04 -0.08 -0.63 -0.17 -0.91

Age:46-55 -0.07 -0.77 -0.13 -1.10 -0.28 -1.76

Age: 55-65 -0.04 -0.46 0.02 0.13 0.26 1.44

Married 0.51 1.67 0.13 0.34 -0.06 -0.11

Kids 0.29 1.99 0.21 1.22 0.44 1.90

SES

Schooling 0.44 0.70 0.29 0.37 0.15 0.14

Income1 -0.09 -0.86 -0.11 -0.81 -0.11 -0.55

Income2 0.14 1.38 0.20 1.50 0.23 1.34

Income3 -0.01 -0.06 0.04 0.36 0.11 0.67

Income4 -0.05 -0.70 -0.07 -0.77 -0.06 -0.54

Income5 0.01 0.30 0.00 0.01 -0.03 -0.43

Working -0.64 -2.03 -0.66 -1.62 -0.95 -1.71

Lifestyle habits

Sedentary job 0.17 1.21 0.17 0.90 0.01 0.03

Weekly sport activities -0.02 -0.30 -0.04 -0.45 0.09 0.85

Daily smoker -0.14 -0.97 -0.20 -1.06 -0.01 -0.05

Weekly alcohol consumption (index) 0.34 2.35 0.28 1.45 0.12 0.51

Meat 0.01 0.08 0.06 0.33 0.02 0.07

Fruits 0.16 0.51 0.28 0.68 -0.33 -0.56

Vegetables 0.42 1.61 0.56 1.66 0.99 2.14

Legumes -0.03 -0.60 -0.00 -0.00 0.03 0.30

Constant -1.21 -1.30 -1.05 -0.85 -0.44 -0.25



4.7 Appendix

Table 4.11: Robustness Checks

Complete Case (1) (2) (3) (4) (5)

Women

Overall decomposition mean z-stat mean z-stat mean z-stat mean z-stat mean z-stat mean z-stat

South regions 25.29 203.18 25.27 218.77 25.27 218.77 26.26 205.15 25.28 183.53 25.32 226.85

North regions 24.74 198.12 24.69 227.96 24.69 227.96 25.7 256.98 24.74 198.12 24.05 227.48

Difference 0.55 3.11 0.58 3.63 0.58 3.63 0.56 3.09 0.54 2.9 1.28 8.31

Explained diff. 0.40 4.68 0.36 4.64 0.39 4.94 0.39 4.34 0.37 4.1 0.55 6.88

Unexplained diff. 0.15 0.87 0.21 1.36 0.19 1.21 0.17 0.98 0.17 0.94 0.72 4.69

Constant 0.66 0.74 0.67 0.89 0.59 0.75 0.7 0.78 0.97 1.03 2.27 2.85

No. of observations 2860 3534 3534 2860 2591 3580

Men

Overall decomposition mean z-stat mean z-stat mean z-stat mean z-stat mean z-stat mean z-stat

South regions 26.76 235.69 26.67 250.68 26.67 250.68 27.03 255.34 26.75 205.82 26.83 275.24

North regions 26.65 257.39 26.61 291.74 26.61 291.74 26.95 271.97 26.65 257.39 26.28 292.07

Difference 0.11 0.72 0.06 0.43 0.06 0.43 0.07 0.51 0.1 0.63 0.54 4.09

Explained diff. -0.04 -0.58 -0.06 -0.97 -0.08 -1.26 -0.09 -1.25 -0.08 -1.01 0.23 3.38

Unexplained diff. 0.15 0.99 0.13 0.88 0.14 1.01 0.16 1.09 0.18 1.11 0.31 2.37

Constant -0.94 -1.31 -1.61 -2.56 -1.3 -1.97 -0.98 -1.46 -0.62 0.82 0.28 0.44

No of observations 2749 3344 3344 2749 2465 3570

Note: estimations obtained with the Complete Case approach are the baseline results discussed in Section 4.1.

Results in Columns (1) to (5) correspond in the five robustness checks discussed in section 4.2.
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5 Conclusion

This dissertation deals with three different yet connected critical aspects of the anal-
ysis of obesity in Spain and is aimed to provide a holistic picture of the key de-
terminants of this epidemic disease as well as to elicit valuable information with
particular policy relevance on the specific matter.

As global data shows that SES-related inequality in obesity is still a reality, our in-
vestigation in the second chapter aims to observe the development of obesity and
income-related inequality in obesity in Spain over the past years, as well as the
basic factors responsible for this inequality. We evidence that overall, obesity is
more concentrated among the worse-off in Spain, as the Concentration Index is al-
ways negative and statistically significant, a finding that calls for a need for policy
and practice to focus on inequalities in obesity and develop interventions to reduce
the gap between rich and poor individuals. In more detail, we conclude that even
though our measures of obesity (prevalence, depth and severity) have an increasing
trend, income-related inequalities in all three measures decrease. When we differ-
entiate by gender, we notice that this result is mainly driven by women, while when
decomposing these inequalities for the last available survey (i.e. the 2017 wave)
we observe that the basic contributing factors to the total income-inequality in obe-
sity status, depth and severity is basically income and education. When comparing
our results of 2017 versus the ones of the 1997 wave, we conclude that inequalities
where much larger for women than men in 1997, as well as that income-related in-
equalities in 1997 resulted from the confounding effects of demographics and SES,
rather than mainly from SES attributes, which is the case for 2017. These more
pronounced differences in inequalities for women between these two time periods,
may be attributed to changes in the social patterning of obesity. That is, the gender
difference could be an aftermath of the stronger emphasis on thinness in women
in our contemporary society, where men value a larger and more muscular shape.
In addition, the fact that the more severe cases of obesity are becoming more and
more equally distributed according to income over the years could mirror deeper
changes in the basic risk factors of obesity. Health outcomes such as obesity, result
from the balancing of the forces that express a country s development stage and the
conditions of its population. Individual s choices within this context could be the
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5 Conclusion

response to the so-called obesogenic environment.

With a view to account for the interplay between individual and regional attributes
in shaping individual obesity risk, we proceed to the third chapter. Using a mul-
tilevel framework, we conclude that both group and individual effects play a key
role in understanding BMI and obesity. Our ML estimates confirm the expected
individual-level and regional effects on BMI and obesity. Furthermore, we provide
evidence that our proxies of the social environment (criminality and green spaces)
have a positive and statistically significant effect on female BMI and the prevalence
of obesity. The findings of this chapter are providing important information to pub-
lic health authorities, since we report that environmental and regional characteristics
influence individual BMI and obesity. This means that local governments and local
communities can play an important role in implementing specific policies, such as
promoting environments that encourage and support healthy lifestyles.

This regional approach set up the main motivation of the fourth chapter. As im-
portant differences in terms of BMI between the North and the South of Spain are
observed, this third chapter seeks to understand the main conditioning factors be-
hind this North to South BMI divide in Spain. Starting with a simple OLS, our
results show that the conditional correlation between observable determinants of
BMI differs in the two groups of regions (North vs South) and by gender. We pro-
ceed with the Oaxaca-Blinder decomposition analysis that enables us to disentangle
the contribution of each covariate and the corresponding coefficients to this differ-
ence. We reveal that the mean BMI gap between the South and North of Spain
is mostly driven by differences between women residing in the two areas of the
country as well as that a large and significant part of this regional average gap in
BMI (73%) is due to differences in endowments related to SES status (basically
years of education). Since the findings at the upper tail of the BMI distribution are
the ones actually capturing overweight and obesity problems, we proceed with the
distributional analysis and the corresponding decomposition and evidence that dif-
ferences in SES endowments and particularly schooling explain a very significant
part of the women s North to South differential. Overall, our results indicate that
SES differentials (mainly educational attainment) between women residing in the
North versus their counterparts living in the South of the country are producing re-
markable differences in BMI across these regions, both at the mean and at the top of
the BMI distribution. Results exhibit a very strong conditional correlation between
education and BMI, being the endowment of the former variable responsible for a
substantial share of the gap in BMI between women residing in different Spanish
regions. Efforts aimed at improving (years of) schooling for women in the South
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would substantially mitigate differences in overweight and obesity between the two
groups of regions, a policy intervention that would additionally reduce differences
in obesity-related diseases and/or improve health in general, as obesity constitutes
a key risk factor for many chronic conditions Therefore, the causal effect of edu-
cation in mitigating regional disparities in BMI, overweight and obesity and even
other health-related variables should be further investigated in future research when
appropriate data for such purposes are available.
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