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Abstract
Worldwide, obesity has reached epidemic proportions and has almost tripled between 1975 and 2016.
Acknowledging that weight gain is a complex and multifactorial condition involving changes in both
dietary and physical activity patterns, this research focuses on the dietary origin of obesity. Given the
dearth of empirical literature on food consumption at the global level, the aim of this research is to
explore dietary trends and dietary types around the world linked with the indications that they imply for
obesity and global health. To this aim, annual food availability data collated by the Food and Agriculture
Organisation of the United Nations (FAO) covering the period from 1961 to 2013 for 118 countries are
scrutinised by econometric convergence tests, clustering techniques and spatial analysis. Results
indicate that countries with lower levels of initial calories tend to exhibit higher growth rates of calorie
consumption. However, this process is not homogeneous across countries. Low-income countries have
converged at the fastest pace and the convergence rate reduces as income rises. In addition, the dietary
convergence is conditioned by a range of structural indicators including agroecological, demographic
and socio-economic variables. Evidence suggests that economic factors have become a more important
determinant of the dietary convergence since the Millennium. Applying innovative fuzzy clustering
algorithms which allow multiple diets to coexist within a single country, several dietary trends and
dietary types are detected. While the identified clusters are all associated with relentlessly increasing
calories and deteriorating dietary healthiness over the past half a century, the most calorific cluster has
shown signs of stabilising calorie consumption. A notable contribution of this research is the
examination of spatial patterns of global food consumption using both traditional and non-traditional
measures of spatial proximity. Differing from the earlier literature emphasising the role of geographical
closeness, this research utilises an economic indicator for proximity and finds that countries with similar
income levels tend to have similar diets. Spatial convergence analysis reveals a convergence process
that is about three times as fast as the non-spatial model; thus, ignoring the spatial relationship leads to
biased results. Incorporating the spatial dimension in cluster analysis also affects the clustering results
dramatically. Cluster profiling shows that only the segment of more educated and health-aware
populations exhibits the behavioural changes towards better diets, hence underlining the importance of
improved education and access to knowledge. The finding that dietary evolutions are ‘spatially’
dependent provides a basis for the development of group-specific interventions that target populations
at risk of worsening diets. While these policy measures are often place-based, this research lays
foundations for the implementation of coherent food policies beyond geographical boundaries. Overall,
this research highlights that healthier diets are possible, but we need to act now. As we are living longer
but not necessarily healthier, current attempts to improve diets are obviously inadequate and existing
efforts need to be redoubled. This is an urgent message for policymakers considering the sobering fact
that no country has been able to significantly reverse the rise in obesity.
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Chapter 1

Introduction

1.1

Research background
“Let food be thy medicine and medicine be thy food”
- Hippocrates (400 BC) -

The famous quote which is often ascribed to the Greek physician Hippocrates, the father of Western
medicine, underlines the very intimate relationship between food and health (Witkamp and van Norren
2018). Spoken 2,500 years ago, these words remain relevant in the modern time: food and diet are
critical to our health and wellbeing. In addition to its biological function, consuming food or eating is
also a social and cultural activity through which people satisfy their aesthetic sensibilities and establish
a communal identity (Cornil and Chandon 2016). Yet, “food is no longer a sole source of survival and
enjoyment but has increasingly become a cause of concern due to its potential consequences for ill
health” (de Ridder et al. 2017, p.908). The prime reason for this concern is the role of diet as the biggest
determinant of chronic non-communicable diseases (NCDs) which are not only a common cause of
disability but also responsible for 71% of global deaths annually (Bigna and Noubiap 2019). A key
metabolic risk factor for NCDs is overweight and obesity (WHO 2018).
The World Health Organisation (WHO) recognised that obesity is a global epidemic in 1997
and launched this alert again in 2002 (WHO 2003). Since then, numerous calls to action have been
proposed by national governments; nonetheless, overweight and obesity continue to be a pressing public
health concern (OECD 2019b). Globally, the prevalence of obesity nearly tripled since 1975. The latest
WHO estimates are that 39% of the world’s adult population were considered overweight in 2016, and
13% were obese (WHO 2017a). To extrapolate the current estimates to the future, without policy

interventions around one third of the projected global population will be overweight or obese by 2030
(Global Panel on Agriculture and Food Systems for Nutrition 2016). Once labelled as the “disease of
affluence”, obesity has gone global and is creeping up on even the poorest regions of the world, making
the earlier labelling a misnomer (Reyes Matos et al. 2020). Western countries historically associated
with the highest obesity rates continue to lead the race, though non-Western countries have experienced
substantial increases in obesity prevalence over the past few decades (OECD 2019b). Statistics from
the World Bank indicate that over 55% of the global rise in obesity originates from rural areas and the
growth rate ranges from 80 to 90% in South East Asia, Latin America, Central Asia and North Africa
(World Bank 2020a). While the speeds differ markedly by country and region, no country yet seems to
have bucked the rising trend (Swinburn et al. 2011; Ameye and Swinnen 2019; Swinburn et al. 2019).
To further complicate the issue, over 70% of countries – the majority of which are low-income
and middle-income countries (LMICs) – are witnessing the ‘double burden of malnutrition’ which is
defined by the coexistence of overweight and obesity (overnutrition) alongside stunting and wasting
(undernutrition) at all levels of the population (The Lancet 2019; World Bank 2020a). From this
emerges a new nutrition reality: low-income countries are no longer characterised as undernourished
nor are high-income countries only struggling with obesity (Popkin et al. 2020). From the public health
perspective, such a dual burden will aggravate the long-term costs of ‘globesity’ owing to the lag in the
effects of the current and past undernutrition reduction initiatives.
However, the health implications of overweight and obesity are alarming. Worldwide, at least
2.8 million adults die each year as the result of being obese or overweight and in fact overnutrition kills
more people than undernutrition (WHO 2017). In addition to the high death toll, overweight and obesity
are closely associated with various chronic diseases, including type 2 diabetes, cardiovascular diseases,
respiratory diseases, musculoskeletal disorders, several types of cancer and depression (Bradshaw et al.
2019). Overweight and its related conditions can negatively affect the quality of life, measured by the
loss of disability-free years in obese adults, and reduce the life expectancy by 3 years on average across
OECD, EU28 and G20 countries (OECD 2019b).
Unsurprisingly, increasing health care costs linked to increasing obesity rates are a common
trend across both developed and developing countries (World Bank 2020e). The economic cost of
obesity approximates to that of smoking or armed conflict, driving between 2 and 7 percent of global
healthcare spending (Dobbs et al. 2014) – figures that are predicted to double by 2030 (Giner and
Brooks 2019). The economic burden of obesity also manifests in the labour market as having excess
body fat (the common description of obesity) lowers productivity at work and increases early retirement
as well as absenteeism, and according to the OECD these effects are translated into a decline of GDP
by about 3.3% (OECD 2019b). Not only harming the economy, obesity can produce long-term
detrimental impacts on the environment by generating 20% greater greenhouse gas (GHG) emissions
compared to the normal-weight state (Magkos et al. 2020).
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The oft-quoted fundamental cause of obesity is a mismatch between energy consumed (eating
too much) and energy expended (moving too little). On the one hand, people have been engaging in
dramatically reduced physical activity as manual and outdoors jobs are being replaced by seated and
indoors ones in the service sector while improved transport means more time being spent in car and
public transport than walking and cycling (Guthold et al. 2018). Such a heightened level of urban and
sedentary lifestyles is proved to be the main contributor of the increasing rates of obesity in many
countries including the UK over the past three decades (Griffith et al. 2016). On the other hand, there
have been significant changes in food consumption patterns whereby populations move away from the
traditional diets based on grains, roots and tubers to the ‘Western’ diet characterised by a higher
consumption of salt, fat, sugars and animal-source foods (Popkin 2008; Kearney 2010; Popkin et al.
2012; Ronto et al. 2018; Popkin et al. 2020; Wells et al. 2020). At the same time, these shifts are
accentuated by major transformations in the food system that have created the so-called ‘obesogenic’
environment impacting food availability, food affordability and food acceptability worldwide (Lang
2009; Hawkes et al. 2017; Popkin 2017; Béné et al. 2019; Willett et al. 2019). The link between diet
and obesity is obvious. Notwithstanding the interplay of multiple factors ranging from genetic
predisposition to environmental influences that contribute to weight gain (Ralston et al. 2018), the focus
of this thesis is on the identification of distinct dietary types as well as dietary trends around the world
linked to indications that they imply for obesity and global health.

1.2

Research motivation

The extensive literature on food and nutrition finds its origins in the nutrition transition model (NTM)
which describes five stages of changes that populations experience in the quantity and quality of dietary
behaviours and patterns, which go hand in hand with large shifts in physical activity and causes of
disease as countries become more economically developed, urbanised and globalised (Popkin 1993;
Drewnowski and Popkin 1997; Popkin 1999, 2006b, 2021). Originally developed in the early 1990s,
the concept of ‘nutrition transition’ has gained worldwide popularity over the last few decades. There
is ample evidence for dietary patterns in most places that include higher intakes of nutrient-poor but
calorie-dense foods often from animal sources and in processed form whilst intakes of fibres and
vegetables remain inadequate (see, for example, Baker and Friel 2014; Zhai et al. 2014; Poti et al. 2015;
Oberlander et al. 2017; Popkin and Reardon 2018; Rousham et al. 2020; Umberger et al. 2020). As a
manifestation of the nutrition transition, modern societies seem to be converging on a Western-style
diet high in saturated fats, sugar, and refined food, but low in fibre (Popkin and Gordon-Larsen 2004).
Unlike the gradual transition that occurred in the USA and European countries, the dietary changes
have been more rapid in many low- and middle-income countries (Popkin and Ng 2007; Anand et al.
2015). The drivers for the nutrition transition are manifold and often involve a wide variety of economic,
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social and cultural factors which are interconnected. While the impacts of global forces such as
globalisation, rising income and urbanisation are well described in the earlier literature, the underlying
mechanisms through which these take place remain ambiguous (d’Amour et al. 2020).
As the nutrition transition is coupled with a predicted shift in the disease burden towards an
increased prevalence of overweight/obesity and the concomitant rise in NCDs (Popkin et al. 2012;
Webb and Block 2012; Harris et al. 2019; Harris et al. 2020), it requires appropriate attention from
public health policymakers. Surveillance of the evolution of dietary patterns is crucial for understanding
the nutrition transition in different countries and for the development of timely interventions targeting
at risk communities. Nonetheless, not enough is known about actual food consumption in many
populations and the factors affecting it (Imamura et al. 2015; Menyhert 2020). Despite the critical
importance of monitoring worse or better changing dietary patterns, surprisingly little is known
regarding consumption trends over time (Walls et al. 2018; Ventura Barbosa Gonçalves et al. 2020;
Juul et al. 2021).
That said, a number of previous studies attempt to address the current situation and make future
projections of food availability (Baldos and Hertel 2014; Fukase and Martin 2017; Gouel and Guimbard
2019). The Food and Agricultural Organisation of the United Nations (FAO) has published a series of
annual flagship reports titled “The state of food security and nutrition in the world” since 1999 (FAO
2021b), which again focus mainly on the current situation and attend to key challenges for achieving
the sustainable development goals (SDGs) related to ending hunger, ensuring food security and
improving nutrition. Historical trends of food availability are mostly examined in national/regional
contexts and case studies (see, inter alia, Balanza et al. 2007; Chen and Marques-Vidal 2007; Regmi
et al. 2008a; Sheehy and Sharma 2010; Sheehy and Sharma 2013; Ambagna et al. 2019; Sheehy et al.
2019). So far, only few studies provide in-depth analysis on global assessment of food and nutrition.
Alexandratos and Bruinsma (2012) analyse global and regional trends in food availability and
prevalence of undernourishment during 1970-2006, with a clear focus on developing countries. Also
investigating past global trends in food availability, Porkka et al. (2013) probe into possible drivers
behind these trends; yet, only the role of food trade is examined. In a unique attempt to assess diet
quality and their trends worldwide, Imamura et al. (2015) explore global dietary consumption by
country, age, gender and time, distinguishing between healthy and unhealthy food items. Using a range
of data sources including nationally representative dietary surveys, local surveys, and food
disappearance (or Food Balance Sheet) data, the authors find that dietary patterns have improved in
many areas over the past 20 years with exceptions of China, India, and several sub-Saharan countries.
To the best of the author’s knowledge, detailed studies focusing on how global food availability
has developed during the past decades are limited. Thus motivated, this study aims to offer an improved
understanding of the existing literature on the nutrition transition analysing dietary patterns and changes
around the world.
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While food consumption is often deemed as a matter of personal choice and many authors have
conducted micro-level studies to explore drivers of individual consumption, in this research a macrolevel study is chosen. This allows for detecting the impacts of structural factors common to individuals
within a country but vary between countries (for example political stability, wars, access to education,
weather or cultural conditions). These factors that affect all or nearly all individuals living in a country
can be controlled for in a macro-level study but are not likely to be included in a micro-level study
(Bansal and Zilberman 2020). In addition, results of micro-level studies better suit the purpose of
individual prognoses, whereas results of macro-level studies can help better understandings of the
impacts of public health policies that for instance target at reducing obesity. The global approach
adopted in this research represents an important contribution to knowledge.
This research joins and extends insights from two related bodies of literature that have largely
developed in parallel: nutrition transition and dietary convergence. Previous research has identified: (i)
rising similarity in total caloric supplies and dietary structure across national borders (Blandford 1984;
Balanza et al. 2007; Khoury et al. 2014; Di Lascio and Disegna 2017; Bentham et al. 2020), (ii)
convergence in consumption of caloric intakes and certain food items (Regmi and Unnevehr 2006;
Schmidhuber and Traill 2006; Erbe Healy 2014). Despite an extensive literature on dietary changes,
there are some major gaps and shortcomings. Studies on dietary convergence are dated, loosely linked
to the nutrition transition literature, and mainly focus on developed countries as well as the European
Union. Little evidence is available on patterns of food consumption at the global level. Notable studies
include those by Khoury et al. (2014), Azzam (2020), Bentham et al. (2020), and Bell et al. (2021).
Nevertheless, Khoury et al. (2014) and Bentham et al. (2020) highlight similarity (instead of
convergence) among global diets and both studies lack formal convergence analysis. Azzam (2020), in
spite of conducting convergence tests, is more interested in measuring whether global diets are shifting
towards a Westernised diet (or precisely a Western diet similarity index). In this research, the global
dietary convergence is examined in the light of popular convergence methodologies using food
availability data at the global level.
On the other hand, a major challenge of employing global data lies in the nature of data varying
across space (countries) and time. Hence, the oft-adopted approach in previous research that aggregates
country-level data by geographical regions or income levels is unable to capture the nuances of dietary
changes. Importantly, combining very poor countries with high burdens of malnutrition with middleand high-income countries “ignores the complexities and realities of the nutrition transition” since they
are likely at different stages of the transition (Popkin 2021). In order to address this issue, this research
complements the convergence analysis with a statistical technique called cluster analysis to summarise
and describe global diets on the basis of historical trends. A great novelty of this study is the application
of fuzzy clustering algorithms which permit the possibility of multiple diets coexisting within a single
country.
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Returning to the NTM, of particular interest to researchers is whether the shift beyond the
nutrition transition (to Pattern 5), where individuals move back to a healthier diet, is anything more than
a theoretical possibility. The behavioural changes for better diets could be induced either by increasing
awareness of individuals or by policy interventions. Is the transition to Pattern 5 a reversal of the forces
at play or does it require new factors to come into play? Results of the cluster analysis will help to detect
any evidence for the existence of Pattern 5 in some countries and how the diets of these countries might
look like at this stage, which is another key contribution to the existing literature.

1.3

Research questions and objectives

This research aims to summarise and analyse the evolution of global patterns of food consumption using
past trends. Recognising several research gaps in the earlier literature and attempting to address them,
this research intends to pursue three research questions:
• RQ1: How and toward which direction have diets in the world evolved?
• RQ2: How do structural factors influence the evolution of the world’s diets?
• RQ3: Is it possible to revert to a healthier diet?
To achieve the aim and to answer the research questions, the following objectives are established:
1. To test for global dietary convergence, to estimate the speed of convergence and to measure
how the convergence process is influenced by structural factors.
2. To identify common dietary trends and dietary types around the world and to assess how they
differ in terms of the healthiness of diets and the structural characteristics.
3. To elucidate the role of the space on dietary convergence and dietary changes.
In doing so, this research employs the Food Balance Sheet (FBS) data collated by the Food and
Agriculture Organisation of the United Nations (FAO) (FAO 2019b). Data are expressed in terms of
calories (kcal/capita/day) and available as annual series dating back to 1961. Although the FBS remains
one of the most widely used sources of dietary data (FAO 2019a), it is best described as average national
diets and food available for human consumption instead of actual food consumption as consumer waste
is not accounted for (FAO 2018; Vilarnau et al. 2019). The data will be analysed by a range of
econometric methods and statistical techniques.
This study first examines the convergence in food availability using two popular convergence
testing procedures: sigma and beta convergence. A great novelty is the examination of the convergence
process for countries of different income levels, which sheds light on the role of economic development
in dietary convergence. While convergence models of food consumption or food expenditures are not
rare in the field (Blandford 1984; Herrmann and Röder 1995; Regmi et al. 2008b; Ogundari and Ito
2015), the approach adopted in this research differs in that various structural factors behind dietary
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changes are included in the convergence specification. In this respect, it allows for showing, for instance,
that countries differ in these structural parameters and hence experience heterogeneous convergence
paths.
Second, cluster analysis is applied to detect distinct dietary types and dietary trends around the
world. This method classifies countries into different clusters (or groups) so that countries within a
cluster exhibit similar patterns of food consumption to one another but dissimilar to countries in other
clusters. Clustering is not an entirely new method in the food economics literature and it has been
utilised to indicate which countries are similar in terms of food expenditures (Erbe Healy 2014;
Staudigel and Schröck 2015) or food consumption behaviours (Gil et al. 1995; Balanza et al. 2007;
Azzam 2020), and how this grouping evolves over time (Walthouwer et al. 2014). Dealing with dietary
data that vary temporally, previous scholars either merge time series into one set of static data
(Blandford 1984; Staudigel and Schröck 2015; Sadowski 2019), or apply clustering algorithms on
discrete time periods comparing the results between a baseline and a follow-up period (usually the first
and last year) (Gil et al. 1995; Di Lascio and Disegna 2017). In contrast to prior studies in this research
strand, this analysis performs the clustering task on the whole set of time sequences by adopting an
innovative time series clustering algorithm (Disegna et al. 2017). By grouping countries into distinct
clusters (or groups) of homogeneous trajectories of calorie consumption, it is possible to assess which
dietary characteristics most resemble each cluster, how the dietary healthiness differs between clusters,
and how these changes over time. The clustering results can imply whether there is evidence for the
better dietary changes.
Finally, given that much of the previous work in the food economics literature has been set in
either a cross-sectional or a time series context, this analysis attempts to merge the two, bringing the
spatial component into a time series framework demonstrating the value it adds to convergence and
cluster analysis. Does the country’s location matter in convergence modelling of the global diets? Since
the convergence process takes place over time and across space, it is reasonable to account for the
spatial dimension. As it has been shown in economics literature that rich regions tend to be surrounded
by similarly rich regions (Annoni et al. 2019), perhaps countries with high-calorie diets might likely be
located near countries with similarly high-calorie diets, implying similar convergence. As a matter of
fact, the role of the space in dietary convergence and dietary shifts has been largely neglected, and
hence this research provides a novel application. Countries are grouped into clusters that are coherent
in the temporal evolution of caloric consumption whilst being spatially close. Considering the space as
a contextual factor for dietary behaviour allows us to scrutinise the differing environments between
clusters which otherwise would be hidden in a non-spatial model.
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1.4

Structure of the thesis

This thesis starts with a description of research background and research motivation with which the
objectives of the study are established. The remainder of this thesis comprises seven chapters and is
structured as follows.
Chapter 2 introduces the theoretical framework underpinning this research – the nutrition
transition model. Key stages of the nutrition transition along with its applications in the empirical
literature are presented. As predicated by the nutrition transition, diets around the world are converging
on the consumption of certain food items and therefore are becoming more similar over time. Chapter
2 then provides a review on the development of convergence theories which originated in economic
growth literature that poorer economies’ per capita incomes tend to grow faster than richer economies
and eventually “catch up” with them. This is followed by a discussion on how previous researchers in
the food economics literature have employed this idea of convergence in exploring the dynamism in
regional and international patterns of food consumption.
Chapter 3 serves as a literature review on cluster analysis, aiming to underline its suitability
and novelty for this research. The chapter includes a description of the main steps in cluster analysis
and discusses various methods for clustering static data as well as data varying over time and/or across
the space. A later section of Chapter 3 examines the application of cluster analysis in food economics
literature with a focus on food consumption studies. From this arise several limitations of previous
studies and the need for further research.
Chapter 4 reviews major confusions behind the concept of diet quality and the debate on
constructing diet quality indices. Several definitions of diet quality and the nuances in quantifying it are
introduced. The chapter continues with an overview of approaches in constructing pre-defined diet
quality indices, the myriad of existing indices, different dietary data sources and the predictive ability
of diet quality indices for health outcomes. Chapter 4 concludes by highlighting motivations for
adopting a diet quality index in this research and introducing the most appropriate one.
Chapter 5 gives a detailed description of the Food Balance Sheet data and offers some insights
into the evolution of global patterns of food consumption over the past half a century. Evidence of the
nutrition transition is identified in relation with changes in the consumption and composition of
macronutrients as well as main food aggregates. It wraps up with the meaningful correlation between
caloric changes and income growth.
Building on the evidence of the nutrition transition in the previous chapter, Chapter 6 provides
empirical results that seek to answer whether the dietary transition is a universal shift and whether the
transitional speeds uniform across countries. To this end, two convergence methods are utilised to
examine the converging caloric consumption across countries, and how the convergence process differs
between countries at different levels of development. The concept of converging diets is then revisited
through the lens of spatial analysis incorporating spatial relationship among countries with convergence
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econometric model. Spatial effects are detected by statistical techniques, the source of spatial effects is
identified, and the convergence model is augmented to reflect this phenomenon.
Chapter 7 aims to investigate the major dietary trends and dietary types around the world. An
innovative time series clustering algorithm is employed to ascertain the similarities among global diets.
Bringing together the literature on spatial analysis and food economics, this chapter also examines the
role of the space in dietary changes and their trends. The empirical analysis in Chapter 7 continues
with the application of a novel space-time clustering algorithm, which can account for the environment
conditions of food consumption.
Chapter 8 concludes this thesis by offering some key conclusions, implications for policy,
contributions to knowledge, limitations and directions for future research.
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Chapter 2

Nutrition transition and the global dietary convergence

2.1

Chapter introduction

As countries develop and become on average wealthier, more urbanised and more open to global trades,
individual’s diets and lifestyles have changed (Popkin 2006a). Often, changes in dietary and activity
patterns are paralleled by major demographic and socio-economic dynamics (Masters et al. 2016). Since
the last decade of the 20th century, researchers across different disciplines (including food economics,
nutrition, and health) have widely adopted the concept of ‘nutrition transition’ when referring to the
global shift in dietary patterns towards energy-dense foods high in fat and sugars and in reduced
physical activity. These changes are reflected in nutritional outcomes, such as average height and body
composition (Popkin et al. 2012).
This chapter aims to provide a review of the literature on the nutrition transition. In doing so,
the nutrition transition model (NTM) is introduced as the theoretical framework underpinning the main
theme of this research. Critical developments of the nutrition transition theory along with its
applications in the existing literature will be mapped out. As indicated by the NTM, the current state
that most countries around the world are experiencing is characterised by the convergence towards an
increased consumption of certain food items. The second major topic to be discussed in this chapter is
convergence theories and how previous researchers have employed the concept of convergence in
exploring the dynamism in regional as well as international food consumption patterns.
The rest of this chapter is organised as follows. Section 2.2 presents key patterns of the NTM,
evidence of the nutrition transition around the world, implications for human health and the
environment, and some comments about the usefulness of the model. Section 2.3 elaborates the role of
globalisation and other global underlying forces. Section 2.4 discusses some scholarly debates on the
issue of obesity around the world from food economics perspective. Section 2.5 introduces popular
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concepts of convergence and summarises how they have been applied in previous studies on food
consumption. Section 2.6 wraps up with remarks confirming the rationale of this research.

2.2

The nutrition transition model

2.2.1

Five patterns of the nutrition transition model

The concept of ‘nutrition transition’ was originally coined by Barry Popkin in the early 1990s to
describe major dietary changes that were observed worldwide in the last decades of the 20 th century
(Popkin 1993). Since then, a large stream in the literature has been shaped around the nutrition transition
model (NTM), which identifies five temporal patterns (or stages) of dietary changes, namely Huntergatherers, Famine, Receding Famine, Degenerative Disease and Behavioural Change (Drewnowski and
Popkin 1997). Most attention is drawn to the last three patterns, which are represented by most of the
global population today (Popkin 2002a). Figure 2.1 outlines five patterns of the NTM accompanied by
their most distinctive features. For the sake of convenience, these patterns can be thought of as historical
developments; however, earlier patterns are not restricted to the periods in which they first arose but
continue to characterise certain geographic and socio-economic subpopulations (Popkin 2006a).

Figure 2.1 Five patterns of the nutrition transition model.
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Pattern 1: Hunter-gatherers
The first stage is often termed the ‘Palaeolithic’ pattern and is closely linked with hunter-gatherer
societies. Much of the research conducted for this stage is in accordance with the modern hunter-gathers
due to scarce evidence for the pre-historic population. The diet characterised with this pattern is high in
carbohydrates and fibre but low in fat, especially saturated fat (Truswell 1977). The percentage of
polyunsaturated fat in meat from wild animals is larger than from domesticated animals (Eaton et al.
1988). Physical activity level is high, labour-intensive work is dominant, and obesity prevalence is low.
Generally, the diet associated with this pattern is considered healthy; however, the frequent occurrence
of infectious diseases and natural disasters leads to very short life expectancy (Popkin 2006a).
Pattern 2: Famine
The diet in this pattern is less varied than in the previous pattern and is impacted by periods of severe
food shortages. As a consequence, chronic hunger arises. Both Eaton and Konner (1985) and Vargas
(1990) attribute this dietary change with nutritional stress and a decrease in human stature (by roughly
four inches). During this phase, there are larger social gaps in the society, and diet variations are subject
to gender and social status (Gordon 1987). Famine fluctuates over time and space; however, some
societies prove to be better able to reduce hunger, at least among upper-class citizens (Newman et al.
1990). This pattern of famine accompanied the development of agriculture (Popkin 2001a). Physical
activity remains high and labour-intensive work is dominant, even though the types of activity vary, for
example from homemaking to agricultural production and animal husbandry.
Pattern 3: Receding Famine
The diet associated with this pattern is characterised by an increase in the consumption of vegetables,
fruits and animal protein. Although some earlier civilisations are partly successful in alleviating famine
in the previous pattern, these changes become prevalent only in the past three centuries and are driven
by rising income (Popkin 2002a, 2006a). Physical activity levels start to decline whilst inactivity
gradually creeps into individual lives.
Pattern 4: Degenerative Disease
This pattern is prevailing in most developed countries and a rising portion of populations from lowincome economies. The diet high in total fat, sugars, processed food but low in polyunsaturated fat and
fibre leads to an accelerating rate of obesity and other degenerative diseases. Long-term negative
impacts of the diet rich in fat, sugars but inadequate in fibre, have become perceptible over the past few
decades (WHO 2003). Sedentary lifestyle is observed with the shift from labour-intensive work to office
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jobs in service sector. Most of middle- and low-income countries are experiencing a rapid move from
Patter 3 to Pattern 4, and this shift is of so great concern that it is usually referred to as nutrition
transition (Popkin 2006a).
Pattern 5: Behavioural Change
Of particular interest to researchers is the potential shift from Pattern 4 to Pattern 5, where individuals,
being more concerned with their health, consciously move back to a healthier diet and increase the
levels of physical activity. Is this anything more than a theoretical possibility? Swinburn et al. (2011)
and Swinburn et al. (2019) claim that no country has been successful in reducing obesity and type 2
diabetes by the means of dietary change, and furthermore, over time no country has ever been able to
reverse from a poor diet to a good one. Despite limited evidence, the healthier diets associated with
Pattern 5 are at least plausible because of the escalating socio-economic consequences of obesity (Ezzati
and Riboli 2013). Other influences (including urbanisation, economic growth, technological advance,
and cultural factors) help to drive the transition (Popkin et al. 2012). These changes, introduced either
by individuals with a high level of awareness or by governmental policies, signal a large-scale transition
in dietary patterns which if it takes place will bolster a “successful ageing” process and improve healthy
life expectancy (Manton and Soldo 1985; Crimmins et al. 1989).
Returning to the NTM, two questions need to be addressed are (i) whether the aforementioned
transition applies to all countries over the world; and (ii) whether the transition speeds are uniform
across countries. Perhaps, countries are all experiencing the dietary transition but are at different stages
of the NTM, and as a result, global diets are changing at varying speeds. Indeed, Popkin (2002b)
discovers that the nutrition transition that happened in the West for a couple of centuries took place in
developing countries within just a few decades.
Many researchers subscribe to the belief that the nutrition transition is closely related to
demographic and epidemiological transitions. In this regard, the latter processes occur simultaneously
or precede the nutrition transition (Popkin and Gordon-Larsen 2004; McCracken and Phillips 2017).
The demographic transition describes the shift from a pattern of high fertility and mortality (typical of
a pre-industrial economic system) to one of low fertility and mortality (typical of modern industrialised
countries) (Kirk 1996). Rural dwellers migrate to peri-urban/urban areas and the labour force is less
dependent on manual jobs but demands highly skilled labour mostly in service-oriented sectors (Dyson
2011). Epidemiological transition, a phase of development ignited by medical innovations in disease
mitigation, refers to the shift from a high prevalence of infectious diseases, usually associated with
malnutrition, periodic famine and poor environmental sanitation, to one of a high prevalence of chronic
and degenerative diseases associated with urban-industrial lifestyles (Omran 1971; Omran 2005).
Figure 2.2 summarises the relationship of nutrition transition in accordance to demographic and
epidemiological changes as populations move from one pattern to the next. Comprehensive details are
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referred to Appendix A. For example, a pattern of delayed degenerative diseases has been recognised
recently along with a shift in age-specific mortality patterns and a consequent increase in life expectancy.
As argued by Burggraf et al. (2015), epidemiological transition often differs across countries and
regions since an ongoing nutrition transition is closely connected to a country’s particular historic and
cultural characteristics, which are clearly not transferrable to any other country.

(Source: Popkin (2002a))
Figure 2.2 Stages of health, nutritional and demographic change.

2.2.2

Evidence of the nutrition transition

While the diet consumed by populations in many countries after the World War II was often homecooked and contained mostly basic food commodities such as vegetables and tubers, this diet has
changed remarkably on the global scale over the past few decades. Blandford (1984) and Popkin (1993)
are among the pioneer researchers to advocate a universal shift from diets rich in staples and vegetablesource foods to diets high in meat, saturated fat and sugars but low in fibre. Since the mid-1990s, there
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has been mounting evidence for such a transition in dietary composition across countries to converge
on the so-called ‘Western’ diet characterised by high intakes of refined carbohydrates, sugars, fats,
processed food and animal-source foods whilst intakes of fruits and vegetables remain inadequate (see,
among others, Popkin 1993; Hawkes 2006; Kearney 2010; Popkin et al. 2012; Ronto et al. 2018; Popkin
et al. 2020; Wells et al. 2020). It is pointed out by Khoury et al. (2014) that the ingredients on the plate
of food around the world are becoming 36% more similar over the past 50 years.
The well-known nutrition transition portrayed theoretically by Popkin (1993) is established
empirically in countries across Asia (Zhai et al. 2014; Harris et al. 2020), Africa (Bosu 2015; Harris et
al. 2019; Rousham et al. 2020), and Latin America (Popkin and Reardon 2018; Tumas et al. 2019).
Unlike the gradual transition that historically occurred in the United States and European countries, the
transition speed has been more rapid in many lower-income countries (Popkin et al. 2012; Anand et al.
2015; Baker et al. 2020).
Coupled with the nutritional transition, there are also shifts in the way foods are sourced,
prepared (cooking methods), and consumed (eating behaviours) due to changes in preference for
convenience, price levels and culinary practices (Popkin 2015; Reardon et al. 2021). To illustrate, the
traditional Chinese diet, which is considered relatively healthy with foods mainly cooked by steaming,
baking or boiling, is increasingly being replaced by excessive fried foods (Wang et al. 2008b). Eating
behaviour – a key determinant of dietary structure – has undergone a specific transition too. Snacking
habit, which did not exist prior to the 1990s in China, has accelerated rapidly (Zhai et al. 2014). In
addition, away-from-home eating has played an increasingly large role in diets of many developed as
well as developing countries, even among low-income populations (Smith et al. 2014; Umberger et al.
2020).
A topical theme regarding the worldwide dietary shift is the increased consumption of
processed foods, particularly in developing countries. The NOVA classification (Monteiro et al. 2019a)
groups food products into four categories depending on the extent of processing: (i) unprocessed or
minimally processed foods, (ii) processed culinary ingredients, (iii) processed foods, (iv) ultraprocessed food products. The category with the highest degree of processing, ultra-processed foods,
now accounts for a significant, and in some countries the largest, share of total energy intake, with
estimates ranging from 30% in Mexico (Marrón-Ponce et al. 2018) to nearly 60% in the United States
and the United Kingdom (Baraldi et al. 2018; Rauber et al. 2018). This is a great public health concern
since these foods tend to be high in refined sugars, sodium, saturated fat and trans-fat (Poti et al. 2015),
while the excessive consumption of which is closely linked to obesity and diet-related NCDs (Poti et
al. 2017; Nardocci et al. 2019; Rauber et al. 2020). The added salt, sugars and fat, along with other
sophisticated ingredients and manufacturing technologies, create ‘hyper-palatable’ products with higher
durability (longer shelf life), better transportability and larger-scale capability for distribution (Monteiro
et al. 2019b). These foods, propelled by mass marketing campaigns of transnational food corporations,
are prepared, packaged and distributed in such a way to maximise product availability and desirability
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for customers across various socio-economic groups (Moss 2013; Development Initiatives 2020; OECD
2021). The expansion of processed foods has brought in several changes in terms of eating behaviours.
Traditional foods are prepared and consumed at home whereas highly convenient processed foods are
often designed to be prepared with minimal efforts and consumed anywhere at any time.
Despite the above universal trends across global diets, one should not lose sight of
heterogeneity in dietary patterns. Firstly, both diets and dietary changes are greatly heterogeneous
(Imamura et al. 2015) and there are many exceptions owing to the foods that drive these changes
differing by region. For example, as opposed to the general pattern in the world diet, Africans are indeed
consuming more starchy roots and pulses (Chauvin et al. 2012; Rawal and Navarro 2019) as well as
fruits and vegetables (Holdsworth and Landais 2019). When it comes to animal-source foods and meat,
the overall pattern for European diet has shown an inverted-U shape, and in fact, their consumption has
followed a downward trend since the 1980s (Sans and Combris 2015).
Secondly, heterogeneity in dietary changes is observed across countries within a macrocontinental area. Asia witnesses an increase in the consumption of animal fats and a gradual escalation
of sugar and sweeteners (Kelly 2016). However, South Korea – a higher-income Asian country, has
successfully retained many elements of a traditional diet (Kim et al. 2000). Low-fat, vegetable-centred
traditional Korean dishes are still dominant, shaping a unique transition in this country. The higher
intake of vegetables as compared to other countries in the region is attributed to the conservative attitude
of Koreans towards food and the governmental effort in providing cooking classes as well as training
housewives (Lee et al. 2002). Likewise evidence of some resilience of local food cultures is documented
elsewhere, for instance in Colombia (Dufour et al. 2015), the Caribbean region (Paddock 2017), and
Indonesia (Colozza and Avendano 2019). Thus, it is not without proof that dietary changes/preferences
are context-specific rather than universal (Hawkes 2010).
Thirdly, heterogeneous changes can be found between urban and rural areas. The nutrition
transition literature differentiates urban from rural consumers, and shows that the share of energy intake
from animal-source foods, fat and sweeteners for urban residents is larger than rural peers even in the
poorest areas of many low-income countries (Popkin 1999). For example, people living in urban areas
of China consume more mutton and beef than in remote localities and the increase in the consumption
of processed foods is more robust in urban areas (Zhou et al. 2014; Bai et al. 2020). Generally, urban
dwellers consume a more diversified diet with a greater quantity of micronutrients and animal proteins
than rural residents but with considerably higher intakes of refined carbohydrates, processed foods,
saturated fat and lower intakes of fibre (Hawkes et al. 2017). Living in urban areas also raises the
likelihood of consuming foods away-from-home (FAFH) (Zheng et al. 2019). Nonetheless, the
dichotomy of urban versus rural diets does not adequately reflect the complexities of consumption, but
the level of urban development also matters. d’Amour et al. (2020) observe some inter-urban variations:
households in large metropolitan areas consume more processed foods and FAFH than households in
smaller non-metropolitan urban areas.
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Even though the nutrition transition signals converging trends in dietary patterns around the
globe, the concept of convergence is rather nuanced. For instance, Baker and Friel (2014) find evidence
for regional-level convergence in the consumption of processed foods but notable divergence among
Asian countries. Obviously, the ‘Westernisation’ of diets is experienced differently with no single
uniform transition across subpopulations. While the consumption of a small number of food
commodities (often vegetable oils, meats, and processed foods) is converging worldwide, there is
widening divergence in the local consumption owing to the variegated demographic, cultural, socioeconomic factors as well as branding and marketing techniques at regional, national and local levels
that shape dietary preferences and consumer demand (Hawkes 2006; Imamura et al. 2015; OECD/FAO
2020). Essentially, the assumption of identical taste across countries is over-rigid (Clements et al. 2006).
Hence, it is too soon to jump into the conclusion of national food consumption patterns converging on
one universal diet.
2.2.3

Implications of the nutrition transition

According to the NTM, the transition from Pattern 3 to Pattern 4 is generally associated with a decrease
in the prevalence of diseases that are related to hunger or inaccessibility to adequate and nutritious foods.
At the same time, the increasingly sedentary lifestyle together with dietary intakes of excessive and/or
unhealthy calories coincides with a rise in NCDs.
Official statistics have confirmed both positive and negative health outcomes of the nutrition
transition. On the one hand, food has been made more available worldwide and this has improved one
pillar of food security – the production or supply of sufficient food to meet the aggregate energy
requirements of the population (Kelly 2016; Gödecke et al. 2018). The global rate of hunger declined
from 19% in 1990 to 11% in 2015 though the fall has been in reverse since then (FAO et al. 2020). The
percentage of stunted children (under 5 years of age) dropped from 32.5% to 21.9% over the past two
decades (UNICEF et al. 2019). In many countries, the intake of healthy food items (such as fruits, nuts,
seeds and polyunsaturated fatty acid) is on the rise (Masters et al. 2016; Ronto et al. 2018). On the other
hand, the increased consumption of highly calorific and energy-dense foods – the most obvious
manifestation of the nutrition transition, could lead to a rise in obesity and diet-related diseases such as
type 2 diabetes, coronary heart diseases and certain types of cancer (Webb and Block 2012; Harris et
al. 2019; Harris et al. 2020). Poor diets are found to be associated with one in five deaths globally
(Afshin et al. 2019).
Although the above double-edged effects of the nutrition transition are widely accepted, some
researchers question the role played by the food system and argue that such impacts pertain in countries
with more industrialised food system. Conversely, countries with a less modernised food system
observe higher rates of stunting, underweight and micronutrient deficiencies but lower prevalence of
overweight, obesity and other NCDs (IFPRI 2015).
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Besides, the environmental impact of the nutrition transition has been the subject of growing
empirical research, conceptual modelling, and commentaries (Aleksandrowicz et al. 2016; Vermeulen
et al. 2019). Two major shifts concern the environmental sustainability include: (i) the increased
consumption of animal-source products in low- and middle-income countries (LMICs) whilst the
consumption level in high-income countries (HICs) has barely reduced, (ii) the trend towards higher
consumption of ultra-processed foods (Popkin 2017). According to Bryngelsson et al. (2016), the target
of limiting global warming to a two-degree increase seems impossible without further reduction in meat
consumption. The environmental footprints of the trend towards higher consumption of animal-source
foods are established in terms of greenhouse gas emissions, land use, water use, and biodiversity loss
(see, inter alia, Zhai et al. 2014; Bodirsky et al. 2020; Heller et al. 2020). Moreover, these impacts are
likely to expand as the global food demand rises rapidly (Tilman et al. 2011).
Due to these negative consequences on human health and the environment, the NTM predicts
that demand for healthier food products will emerge in response to the needs of more affluent, healthconscious and aging consumers. Nonetheless, this is currently rare, even among HICs. Nonetheless,
sales data appears to indicate such a demand in Malaysia – an upper-middle-income country with the
highest rate of obesity and diabetes in Asia (Euromonitor International 2013). Centred at the core of
Pattern 5 is a healthy and sustainable diet which balances the trade-off between health and sustainability.
Despite some interesting proposed frameworks, researchers have not agreed on a single definition of a
healthy and sustainable diet (Garnett et al. 2014; Bailey and Harper 2015; Steenson and Buttriss 2020).
The existence of such a diet could indicate that Pattern 5 is not something fictional but at least plausible.
Is the transition to Pattern 5 a reversal of the forces at play in Pattern 4 or does it require new factors to
come into play? A recent LANCET report envisions that the journey to Pattern 5 is via the so-called
“Great Food Transformation”, which will not occur naturally but requires multi-sector and multi-level
efforts to maintain healthy diets among global populations (Willett et al. 2019). It also forecasts that
the transformation could be achieved by 2050 if actions are taken urgently without further delay.
When the gloomy picture of the nutrition transition and its undesirable consequences on human
health and environment becomes clearer, actions from policymakers, food industry and societal
organisations are expected. In reality, they have been slow to take up the cause (Hawkes et al. 2013;
Swinburn et al. 2019). Historically, undernutrition has long been put on the discussion table and
governments around the world have implemented agricultural policies to ensure that populations have
access to sufficient foods. Even though greater progress is still needed in certain regions (for example
in rural Africa), the focus has been gradually shifted as addressing poor dietary quality is increasingly
being advocated in public health agendas (Hawkes et al. 2015; Hyseni et al. 2017; Popkin and Reardon
2018). Broadly, programmes to support healthier food choices are shaped around the “four-track” policy
approach (Giner and Brooks 2019). The first track consists of demand-side interventions aiming to
educate and provide information to change consumption patterns (for example via front-of-pack
labelling). The second track consists of supply-side policies focusing on voluntary collaboration with
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the food industry. Possible initiatives include food reformulation and improvements in the food
environment. The third track consists of firmer regulations when public-private incentives are
misaligned (for example, rules on food advertising aimed at children). The fourth track consists of fiscal
measures such as consumption taxes on less healthy products. Comprehensive reviews of government
actions to improve diets can be found in studies by Gorski and Roberto (2015), Mozaffarian et al.
(2018a), and Breda et al. (2020). In some way, “structural change in diets of billions of people is a
primal force not easily reversed by governments” (Delgado 2003, p.3907S). In principle, choosing what
to eat is a matter of personal choice and citizens experience it as a private freedom rather than a
collective duty (National Food Strategy 2020). Governmental bodies are therefore disincentivised to
tamper with their citizen’s taste (Mason and Lang 2017).
However, it does not mean that government success is non-existent. A well-cited example in
earlier studies is Korea where a combination of large-scale training of housewives in preparation of the
traditional low-fat high-vegetable cuisine coupled with strong social marketing programmes has helped
to retain the traditional Korean diets (Kim et al. 2000). Since 2002, Korean government has been
promoting the increased consumption of whole grains, fruits and vegetables but the reduced
consumption of fat. The so-called “Comprehensive Health Promotion Policy” includes various
interventions such as the revision and dissemination of dietary guidelines, the enforcement of
mandatory nutrition labelling on processed and packaged foods (Popkin and Ng 2007). In addition,
initiatives to improve the dietary education of the broader public, by disseminating information on
agriculture, nutrition, health, dietary habits, and on both processed and traditional foods, have been
prioritised. For instance, in 2018, the country implemented programmes related to early childhood
education, local foods, harvest and eco-friendly farming experience (Placzek 2021). Yet, in general
there is a lack of monitoring diets in a holistic approach neutralising multifaceted dimensions related to
food security, nutrition security, economic development, and the environment (Béné et al. 2019). At
international level, the Sustainable Development Goals of the United Nations (SDGs) have not paid
enough attention to nutrition and NCDs. Of relevance are only two out of 169 proposed targets of the
SDGs: to reduce premature deaths from NCDs by a third, and to end malnutrition in all forms (Popkin
2017).
On the supply side, major beverage companies through affiliations such as the Healthy Weight
Commitment Foundation, are avowedly changing the nutritional composition of food products via
reformulations, introducing the new ‘better-for-you’ products and removing the less healthy ingredients
(Healthy Weight Commitment Foundation 2020). It is ambiguous whether their proclaiming
commitments are actually being implemented and if they are to what extent (Ng et al. 2014). In the
meanwhile, no existing food composition database is able to keep up-to-date with the continuous
reformulation of packaged foods (Ng and Dunford 2013; Traka et al. 2020). While multinational
corporations may deliberately be engaged in such movement in some developed countries such as the
US, the UK and Canada, similar efforts in developing economies are meagre (Kleiman et al. 2012;
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Stuckler et al. 2012). More importantly, it remains open to question if these business endeavours will
make any significant improvement on population health and for how long they will last. Nonetheless,
what is plain is that multinational enterprises, in securing market share, are pandering to the lowest
common denominator of public taste by highly palatable processed foods (Chandon and Wansink 2012;
Moss 2013).
2.2.4

Criticism of the nutrition transition model

Despite being frequently cited in the literature, the NTM has been criticised for its oversimplification
(Hawkes 2006; Lang and Rayner 2007). Pattern 1 of the NTM should be considered as an ideal vision
of hunter-gatherer societies as it does not mention seasonal food shortages. In Pattern 2, less diverse
diets are identified as the cause for shorter average statures; however, Mummert et al. (2011) propose
that it might be due to infectious diseases as for a more densely packed population, diseases can hinder
the body’s ability to absorb nutrients from foods. Next, a key element of the nutrition transition depicted
in Pattern 4 is the increased consumption of processed foods. Although a wealth of empirical evidence
supports this trend (see, for example, Baker and Friel 2014; Law et al. 2019; Sievert et al. 2019), Walls
et al. (2018) advocate that the currently used proxy for diet (which is often food availability) is not
adequate to capture the nutrition transition because some highly processed foods are categorised as
unprocessed foods. So far, Pattern 5 remains quite hypothetical due to the conspicuous absence of
widespread behavioural or institutional changes in any country. Still, forward progress is being made.
Consumption of salt, sugars, and fat from processed foods started to stagnate in few HICs (Baker and
Friel 2014; Hawkes et al. 2017; Sievert et al. 2019), and taxes on sugar-sweetened beverages as well
as regulations on food marketing have been introduced by some governments (Mozaffarian et al. 2018b;
Cuadrado et al. 2020). Despite the reality that the target of reducing obesity is actually off course and
no country has made progress in tackling obesity (Development Initiatives 2018), Popkin (2017, p.79)
states that “no country has truly attempted to create programs to significantly reduce animal-food
consumption”.
Another criticism related to the NTM is that it assumes a uniform transition across countries
from the earlier to the later stages of the model. Yet, empirical evidence reveals that LMICs are
currently undergoing a different development pathway than what higher-income countries used to
follow (Schmidhuber and Shetty 2005; Murray et al. 2015).
In addition, Lang and Rayner (2007) argue that the model places a stronger emphasis on rising
income as the cause for dietary changes but underestimates the cultural context of the transition. The
authors also warn that the nutrition transition should not be viewed as one transition but three
overlapping transitions in diet, physical activities and culture. Of paramount importance is the
conclusion drawn by Olivier et al. (2008) that economic integration leads to cultural divergence while
social integration results in cultural convergence. The rationale is that trade in goods with a high cultural
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content preserves food cultures by allowing countries to produce local foods at the lowest costs. On the
other hand, social globalisation, which represents social interactions between individuals of different
countries through migration, tourism and communication technologies, produces shifts in food tastes.
A question that should be raised is whether these aspects influence a country’s level or speed in the
transition process. While the contributing factors are manifold and complex, the NTM suggests that the
pace of economic development is the driver for the speed of transition that countries are experiencing;
yet, cultural factors determine the levels of transition.
To sum up, Section 2.2 has outlined the NTM, its main theoretical stages, and some evidence
of dietary changes around the world. Due to the pressing public health issues of the nutrition-related
NCDs that most developed countries and a rising proportion of developing countries are experiencing
today, it is more urgent to find out solutions to help countries arrive at Pattern 5. The main challenge is
that Pattern 5 so far remains rather hypothetical and no country seems to have reached that stage yet. If
the underlying factors of the nutrition transition come into light, perhaps the government policy could
be shaped to reverse the current trend and promote better diets (and hence better health). The next
section dwells deeper into the commonly agreed drivers of the nutrition transition.

2.3

Globalisation and major underlying forces behind the nutrition transition

As the empirical evidence of the nutrition transition and its related health outcomes is piling up around
the globe, researchers have expressed a growing interest in investigating the causes of the transition.
Overall, dietary changes are driven by economic development as well as the availability and
affordability of foods. Vegetable oils and fat became cheaper and their availability increased, leading
to a higher consumption of fats among low-income countries (Drewnowski and Popkin 1997; Ng et al,
2008). In addition, government’s subsidies distorted the price of grains, animal-source foods, fat, and
sugars, making legumes, fruits and vegetables relatively more expensive to consume (Drewnowski and
Darmon 2005; Popkin 2008; Drewnowski 2009; Lang and Heasman 2015). On the other hand, many
authors connect economic globalisation, urbanisation, female labour force participation, and rising
income to the modernisation of food chain (Popkin 1999; Datar et al. 2014; Dubois et al. 2014; Dave
et al. 2016). The modern food system leads to significant structural changes in food consumption by
lowering the price of processed foods as compared to traditional staples and fresh fruits and vegetables,
raising the availability of less healthy foods (such as fast foods, soft drinks, and pre-cooked foods),
promoting preference for the ‘Western’ foods through complicated marketing campaigns targeted at
children, and raising individual’s confidence in consuming foods from supermarkets via enhancing food
safety standards (Traill 2017).
Indeed, the existing literature largely agrees on globalisation and other global forces such as
rising income, urbanisation and increasing female employment as major drivers of the dietary shift.
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Some detailed references include studies by Traill et al. (2014), Kearney (2010), and García-Dorado et
al. (2019). Nonetheless, there is an ongoing debate on the disentangled effects of these factors as well
as the transmission channel between these drivers and the nutrition-related outcomes. Some facets are
relatively under-studied (for example the socio-cultural drivers of nutrition) and in general empirical
results are hard to obtain due to the interconnectedness and overlaps of underlying mechanisms. The
pathway illustrated in Figure 2.3 serves as the conceptual framework for the subsequent discussion.

Figure 2.3 The pathway from globalisation and other underlying global forces to nutrition and
health outcomes.

2.3.1

Globalisation

The proportion of international trade in global GDP has nearly doubled since 1970 and currently
represents roughly 60% of the world GDP (World Bank 2020b). The international integration of
markets for goods and services, with a focus on creating a freer flow of goods and capital, has
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transformed societies, altered economic and social relationships, and helped shape the world economy
as it is today. This process, known as globalisation, has long been considered a key driver of the
nutrition transition and its related health outcomes.
According to Jenkins (2004, p.1), globalisation is defined as “a process of greater integration
within the world economy, through movements of goods and services, capital, technology and (to a
lesser extent) labour, which leads increasingly to economic decisions being influenced by global
conditions”. This definition puts a zoom into the most easily recognised manifestations of globalisation:
trade openness and economic liberalisation. Previous researchers link dietary changes with either a
growing trend towards foreign direct investment – much of which went into food processing (Hawkes
2006; Gleeson and Labonté 2020; Reardon et al. 2021) or the expansion of free trade agreements, which
enables the importation of cheaper but higher energy-dense foods from the industrialised world rather
than from the local domestic production (Thow and Hawkes 2009; Thow et al. 2011; Porkka et al. 2013;
Baker et al. 2016). This point of view emphasises how economic forces of globalisation have shaped
the dietary transition; however, the globalisation of economies is not merely about integrating trade,
investment and financial markets (Kónya and Ohashi 2007). Several aspects of globalisation, including
both economic and non-economic dimensions, are to be explored below.
Trade openness
The second half of the 20th century witnessed a blossoming of various trade agreements and
international treaties: General Agreement on Tariffs and Trade (GATT), Uruguay Round Agreement
on Agriculture, World Trade Organisation (WTO) and WTO Regional Trade Agreements to name a
few. These trade agreements aim to loosen government restrictions on international markets and
international trades, for example, by reducing or removing tariffs on imports. Often, the lower tariffs
on imports make imported produce more affordable and tend to cause countries to depend more on food
imports but less on locally grown produce (Porkka et al. 2013; Sahal Estimé et al. 2014) – a
phenomenon known as dietary dependence (Sievert et al. 2019). This could lead to greater availability
and accessibility of imported foods that are usually less healthy (Hawkes 2006; Popkin 2006b; Baker
and Friel 2014; Sievert et al. 2019). In Africa, for instance, trade in processed foods accounts for 3060% of agricultural trade (Badiane et al. 2018). Previous studies show that having a trade agreement
with the United States is associated with 63% higher soft drink consumption per capita (Stuckler et al.
2012) and 0.89 kilogram increase in sales of ultra-processed foods per capita per annum (Cowling et
al. 2020). Overall, the existing literature has mostly examined individual food commodities rather than
the whole diet, and less attention has been paid to the impact of trade on healthy food intake (Giles and
Brennan 2014; Ravuvu et al. 2017).
The increased exchange of goods and services across countries is forming a global market for
food products and this has impacted the availability as well as price of food commodities. From the
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supply side, global markets encourage specialisation in the production of export crops, which leads to
greater agricultural outputs thanks to the economies of scale and eventually homogenised global food
supplies are expected (Popkin 2006b; Khoury et al. 2014; Ogundari and Ito 2015). From the demand
side, global food markets facilitate the import of goods across various ranges from healthy items such
as fruits and vegetables (Huang 2004) to unhealthful processed and ultra-processed products (Stuckler
et al. 2012; Schram et al. 2015). The effect of trade liberalisation on food price is more complicated.
On the one hand, access to international food markets can reduce price volatility from local market’s
shocks; on the other hand, there is higher vulnerability to upheavals in the global demand. On average,
the relative price of calorie-dense foods is lowered (Drewnowski et al. 2010).
Regarding health outcomes, trade openness is found to increase total calorie consumption
(Zakaria 2014; Ogundari and Ito 2015), improve dietary diversity and quality (Dithmer and Abdulai
2017), reduce the odds of being underweight (Nandi et al. 2014), and alleviate food insecurity (Barlow
et al. 2020). This could reflect the positive impact of trade policies aiming at improving food security
and mitigating the influence of international price spikes on the domestic price of staple foods (Gilson
and Fouad 2015). Trade liberalisation, by exposing consumers to less healthy foods at usually cheaper
costs and reducing the government’s policy space (in terms of freedom, scope and instruments) to
introduce health-oriented schemes (Gleeson and Labonté 2020), is often blamed to be associated with
the rising obesity prevalence and NCDs (Baker et al. 2014; Miljkovic et al. 2015; Barlow et al. 2017;
Thow et al. 2017). However, no concrete conclusion has been reached so far (García-Dorado et al.
2019). This suggests that the availability and affordability of food products alone cannot ignite changes
in lifestyles and consumption patterns associated to NCDs. Surprisingly, de Soysa and de Soysa (2017)
document a negative link between trade openness and obesity rates among younger groups of the
population. This is attributed to the added bonus of globalisation – higher rates of return to labour,
which provide strong incentives to promote children’s health, contributing to healthier diets and thus
lowering the rates of obesity.
Foreign direct investment
By definition, foreign direct investment (FDI) refers to a type of cross-border investment in which an
investor residing in a country buys or establishes a lasting interest in controlling over assets in another
country (OECD iLibrary 2020). This distinguishes FDI with portfolio investment in which the investor
does not have a direct control over the business’s daily operations (Everett 2006).
It is a common belief that the agribusiness-related FDI has directed the diffusion of
transnational food corporations (TFCs) into the market for processed and ultra-processed foods,
particularly in lower-income countries (Blouin et al. 2009; Thow 2009; Popkin et al. 2012; Gleeson
and Labonté 2020; Reardon et al. 2021). In turn, the food processing industry attracts an increased
investment in food marketing and food advertising (Blouin et al. 2009; OECD 2021). Trade
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liberalisation with increased exports of domestic goods and imports of foreign products and the opening
of national markets to foreign investment, supported by WTO, promotes the growth and power of
transnational food companies (Hawkes 2005; García-Dorado et al. 2019). These large corporations have
the ability to lower the price of fast foods or soft drinks to make them more affordable and reach a larger
segment of the population. A study by Schram et al. (2015) uncovers a surge in the sales of sugar and
sweetened beverages after restrictions to FDI were removed in Vietnam. A similar research design is
applied in the context of Peru by Baker et al. (2016) and the authors document a diversification in the
sales of soft drinks. The sales of bottled water, sports and energy drinks increase, but those of carbonated
drinks stagnate. These inconsistent results could imply the role of branding and marketing in misleading
customers’ demand for sports drinks which are high in sugars but are often marketed as healthy products
(Alsunni 2015).
Additionally, the expansion of the market for processed foods has fuelled the rise of
supermarkets in LMICs. According to Reardon et al. (2012), the history of ‘supermarket revolution’
spans over three waves. The first wave happened in Latin America, Central Europe and South Africa
in early 1990s; the second wave reached Southeast Asia, Central America, and Mexico in the mid- to
late 1990s; and the third wave occurred in China, Vietnam, India and Russia in the 2000s. The potential
fourth wave of the diffusion of modern food retails just kicks off in many African countries (except
South Africa). Conventionally considered as a shopping destination for the rich, supermarkets are now
penetrating into many of the poorer areas on the planet (Reardon et al. 2003; Béné et al. 2019). It is
shown that the development of supermarkets in Latin America in a single decade equates to that in the
US in five decades (Reardon and Berdegué 2002). Grocery sales from supermarkets have climbed up
worldwide, accounting for over half of total food sales from modern grocery retailers in 2019
(Euromonitor International 2020). The spread of supermarkets has made a more diverse diet available
to a larger proportion of the population. Indeed, supermarkets offer a much wider variety of processed
foods at lower costs thanks to the economies of scale in procurement (Hawkes 2008; Baker et al. 2020).
From the stance of large food retailers, processed foods with a long shelf life are preferred to fresh
seasonal food produce (Thow 2009). As such, the penetration of supermarkets in LMICs is oft-stated
to create more accessibility to snacks and sugar-sweetened beverages (SSBs) compared with highquality fruits and vegetables (Odunitan-Wayas et al. 2020), thereby contributing to the nutrition
transition (Bailey and Harper 2015). Nevertheless, there is no conclusive evidence of a significant and
direct relationship between modern market food expenditure shares and household dietary diversity as
well as dietary quality (Rupa et al. 2019). Similarly, the link between supermarket food purchases and
the rising obesity rates is not empirically established (Ford and Dzewaltowski 2008; Debela et al. 2020).
Overall, FDI has been found to be associated with the increased prevalence of obesity and
overweight in LMICs (Nandi et al. 2014; Miljkovic et al. 2015; Schram et al. 2015; Baker et al. 2016).
This suggests that FDI is the main vehicle for food system integration by allowing the greater market
penetration of TFCs through both vertical and horizontal integration, transformation of distribution and
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retail segments, advertisement and adaptation to consumer tastes (Herforth et al. 2019). On the other
hand, Sudharsanan et al. (2015) discover insignificant influence of FDI on the prevalence of diabetes
after controlling for population ageing. Both Neuman et al. (2014) and de Soysa and de Soysa (2017)
find no relationship between FDI and overweight as well as obesity rates. Other scholars show that the
impacts of FDI on nutritional outcomes vary by sector (Mihalache-O'Keef and Li 2011; Djokoto 2012).
Both studies agree that growing FDI in primary sector tends to threaten food security in LMICs because
of resource exploitation, labour market effects and negative environmental and demographic
externalities. The former study further scrutinises FDI in manufacturing sector and documents a link
with technological and human capital spill-overs, increased wages, and improved nutritional outcomes
(Mihalache-O'Keef and Li 2011).
Socio-cultural components of globalisation
Keohane and Nye (2000) conceptualise three dimensions of globalisation: (i) economic, (ii) political,
and (iii) social. Economic globalisation was discussed previously. Political factors, which are related to
the formation of regional trade blocks or participation in various international treaties, may act as a
precursor to greater economic integration. Social globalisation, involving the cross-border movement
of information and cultures, has become a trending topic in the literature.
The increased exchange of information (and people) has transformed cultural norms, social
relationships and consumption patterns to a great extent. With the aid of communication technologies
and infrastructure, information and ideas are being spread globally in a matter of seconds. Constantly
influenced by mass media and marketing campaigns, individuals are exposed to the perception of
foreign lifestyles as well as foreign diets. As a consequence, the social globalisation allows a smoother
integration of TFCs, giving rise to demand for new products (McChesney and Schiller 2003). Here, the
role of food marketing is crucial as it was pointed out that advertising, for instance via TV, of foods
that are high in sugars, fat, and salt strongly influences purchase decisions of children and their parents
(Hawkes 2007; Smith et al. 2019; Kontsevaya et al. 2020; Umberger et al. 2020). Globalisation is a
contributing factor, but not the only one. Along with urbanisation, social globalisation is associated
with more abundant supply and consumption of cheaper but higher-calorie food products (Drewnowski
and Popkin 1997; Popkin and Gordon-Larsen 2004).
In an attempt to demystify the potentially important role played by social globalisation in
nutrition and health outcomes, several researchers compare the effects of socio-cultural aspects of
globalisation with the economic aspects (Goryakin et al. 2015; Miljkovic et al. 2015; Costa-Font and
Mas 2016; de Soysa and de Soysa 2017; Oberlander et al. 2017). Nonetheless, findings are mixed. Both
Goryakin et al. (2015) and Costa-Font and Mas (2016) suggest that the positive association of
globalisation as a whole and obesity rates is mostly attributed to the social component of globalisation.
The empirical evidence provided by Miljkovic et al. (2015) similarly indicates a link between social
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globalisation and higher obesity prevalence. To map the pathway between globalisation and the
nutrition transition, Oberlander et al. (2017) show that while economic globalisation is related to higher
BMI and prevalence of diabetes, only social globalisation is associated with the increased supplies of
animal-source protein and sugars. The authors further argue that the transmission is channelled by the
improved flow of information via television and the Internet. On the contrary, de Soysa and de Soysa
(2017) do not document any significant relationship between social globalisation and obesity
prevalence after controlling for the economic globalisation as well as country and time fixed-effects.
These nuanced results emphasise the interrelation of relevant factors and the complication of the
mechanism involved.
Interaction with other drivers of nutrition transition
The effect of trade liberalisation and market integration on nutrition outcomes is not merely transmitted
through the food sector, but the globalisation process has profoundly transformed various societal
dimensions which could indirectly impact the nutritional changes and nutrition-related health outcomes.
Globalisation has been linked with income growth (Berg and Krueger 2003; Dreher 2006), which is
likely to generate demand for processed foods. In other studies, globalisation is associated with the
worsening conditions in labour market, and a switch from labour-intensive to sedentary and knowledgebased jobs (Huneault et al. 2011). In contrast, integration in global economy is found to improve the
returns to labour, encouraging further investment in health and leading to healthier diets and better
health outcomes (de Soysa and de Soysa 2017).
Other researchers add more nuance to this debate by citing the role of technological
development. According to these authors, globalisation is both a product and a driver of technological
changes (Popkin 2001b; Popkin et al. 2012), and both of them may collectively contribute to the
increased obesity prevalence. These two factors are usually associated with urbanisation (living in cities
offers a greater choice of foods at a lower price), increasing use of cars and mechanical aids (resulting
in a decline in physical activity) (Hawkes 2006; Belasco 2008). In sum, individuals are exposed to a
lower cost of calories consumed but a higher opportunity cost of calories expended. Despite the
unagreed mechanism, the aforementioned structural changes could be correlated with other changes in
lifestyle, social relationships and characteristics of labour market, which could ignite changes in dietary
patterns. Thus, these interrelationships should be taken into account when assessing the link between
globalisation and nutrition transition.
2.3.2

Other global underlying forces

Besides globalisation, any other factor that influences food production, food distribution, and food
retailing (all of which comprise the so-called ‘food system’) could potentially be a determinant of the
dietary shift. Environmental changes, for example the melting of Himalayan glaciers or the collapse of
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the Atlantic Meridional Overturning Circulation, could impact food production (Benton et al. 2017).
Recent study shows that anthropogenic climate change has slowed global agricultural productivity
growth by roughly 21% since 1961 (Ortiz-Bobea et al. 2021). However, this effect is conditioned by
the degree of market integration and the dependency of local food market on agriculture. For instance,
food market in rich countries is more integrated with international markets and therefore diversity in
agricultural production is not as a strong driver of food supply as in poorer countries (Remans et al.
2014). The modernisation of food supply chain, from traditional mode (local, disconnected, labourintensive) to modern (long in distance, highly concentrated, vertically integrated, capital-intensive) has
been in sync with a rise in dietary diversity and greater consumption of processed foods (Herforth et al.
2019). In addition to the abovementioned factors, other often-cited drivers of the nutrition transition are
discussed as follows.
Agricultural and food policies
As humans have been constantly fighting starvation and hunger, global agricultural policies have long
focused on producing cheaper grains to meet the demand of a growing population (Fan 2020). This
perspective resonates with the ‘productionist’ paradigm in the mid-to-late 20th century according to
which problems can be resolved by producing more foods (mainly staple grains, oils, sugars and animal
products) through more sophisticated methods (Foley et al. 2011; DeFries et al. 2015; Bahadur et al.
2018). As a consequence, there has been a substantial increase in the global production and consumption
of certain foods (cereals, starchy root, meat, dairy products, oilseeds, and sugars) over the past half
century (Khoury et al. 2014; Development Initiatives 2020). A diet comprised only of these foods would
lead to negative health outcomes in the long term. Low consumption of fruits, vegetables, whole grain
fibre, nuts and seeds but high consumption of sodium, processed meat and sugars will most likely
exacerbate the rise of obesity and diet-related NCDs that are already accompanying undernutrition and
micronutrient deficiencies, and will contribute to the double burden of malnutrition in the same country,
same household or individual in the same life course (Popkin and Gordon-Larsen 2004; IFPRI 2016;
Hawkes et al. 2020).
On the other hand, the shift in agricultural policies from state intervention which was dominant
in the 1930s/1970s to market liberalisation and globalisation in the 1980s/2010s has altered the food
environment by which customers make food choices in the form of food availability, food affordability
and food acceptability. Hawkes et al. (2012) propose three hypotheses on the nexus between
agricultural policies and consumer diets. First, the move away from state intervention to market
liberalisation creates incentives for food producers to be more specialised in adopting certain crops,
making certain types of foods more readily available in the food markets. Second, the changing
paradigm of agricultural policies affects the farmgate prices in both directions, allowing food processing
companies to substitute with lower priced ingredients and thus having implications for the nutritional
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quality of food products. Third, advancement in food research and innovation has resulted in a vast
market characterised by differentiated food products with ‘added value’ which could satisfy varying
individualised preferences, having the potential to influence customer’s acceptability of the variety and
quantify of food products.
Rising income
Theoretically, the relationship between income and diet is established by Bennet’s law, which states
that the share of calories from starchy staples declines as household income rises (Timmer et al. 1983).
Empirically, Hertel et al. (1998) and Law et al. (2018) suggest that income is a significant determinant
of the level of food consumption. However, the authors express their cautiousness towards reverse
causation in the sense that households with better food intakes are likely to have higher work
productivity and hence higher income earnings (commonly known as efficiency wage hypotheses).
Higher incomes also mean that people can afford a wider range of foods. For instance, rising
income per capita in the 20th century allowed Western European countries to replace bread and potatoes
in their diets with meat, dairy products, sugar, and oils (Grigg 1995, 1999), while higher economic
resources in China in the mid-to-late 1990s led to a greater diversity of food categories (Delgado 2003;
Garnett and Wilkes 2014). Evidence shows that countries with higher GDP per capita have higher total
sugar intakes and lower-income countries are associated with poorer diets (Rippin et al. 2020). A study
by Regmi and Meade (2013) reveals that an increasing demand for staple foods such as cereals
continues up to a threshold of income after which a further rise in income leads to a fall in demand for
cereals. Conversely, demand for animal-source protein continues to rise as income increases. In
addition, increasing household incomes are likely to generate demand for animal-source foods
(Cornelsen et al. 2016) and processed foods (Moodie et al. 2013; Law et al. 2019; Milford et al. 2019)
since individuals are now prepared to spend some of the extra cash on other aspects of food including
convenience, that were once considered luxuries (National Food Strategy 2020). This shift is
particularly applicable for low- and middle-income households while high-income households increase
their demand for luxury goods (including health) and as a result consumption of meat and fats declines.
These patterns help to explain why obesity is more prevalent in the wealthier segment of the population
in low- and middle-income countries but in low-income groups of rich countries (Cirera and Masset
2010).
Urbanisation
Worldwide, the percentage of urban population has increased from 34% in 1960 to 55% in 2017 (32%
in low-income countries, 52% in middle-income countries and 82% in high-income countries) (World
Bank 2020c). Urbanisation – the shift from a population that is dispersed across small rural areas in
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which agriculture is the dominant economic activity towards one where the population is concentrated
in larger, dense urban settlements (National Research Council 2003) – is increasingly put forward as a
crucial determinant of changing dietary patterns. Nonetheless, the empirical effects of urbanisation and
the underlying mechanisms through which these take place remain ambiguous (d’Amour et al. 2020).
At cross-country level, urbanisation is found to be associated with decreased consumption of
coarse grains but increased consumption of wheat and animal-source foods (Delgado 2003; Reardon et
al. 2014) as well as sweeteners and fats (Drewnowski and Popkin 1997; Popkin 1999). Studies at withincountry level report a link between urbanisation and changes in cereal consumption (Delgado 2003)
and animal-source foods (Rae 1998). In some segments of the population, urbanisation is found to result
in higher consumption of animal-source foods, fat, sugars, salt, and processed foods, engendering the
increased prevalence of overweight and chronic diseases (Harris et al. 2019). However, evidence from
rural-urban migration in Tanzania does not support the association between urban residency and
increased consumption of animal-source foods (Cockx et al. 2019). These nuances demonstrate that
dietary changes are not universal, but rather context-specific, meaning that many modifications in
dietary preference may not be attributable to urban living alone. In Indonesia, Colozza and Avendano
(2019) disclose some increases in acquisitions of animal-source and ready-made foods over the past
two decades; yet, most changes occurred in parallel across rural and urban areas. Therefore, moving to
urban areas is not necessarily associated with changes in food expenditures.
The pathways through which urbanisation affects diets are numerous and complicated. First,
urban residence is characterised by different food supply environments, influencing the availability and
affordability of food items. There are generally more choices regrading eating out or buying
processed/pre-cooked meals thanks to the physical proximity of supermarkets, minimarkets and fast
food outlets and the types of foods they offer (Hawkes 2008; Cockx et al. 2018). Locally grown
produces are not easily acquired and more expensive if cities are located far from production sites
(Smith 2013). On the other hand, rural markets are less integrated in national and international markets
(Osborne 2005; Moser et al. 2009). In addition, many researchers subscribe to the idea that urbanisation
characterises different socio-cultural food environment. In urban cities, higher rates of participation in
labour markets shift dietary preferences towards convenience over quality (Pingali 2007; Reardon et al.
2021). Greater exposure to global eating patterns, mass media or improved access to nutrition
knowledge all contribute to a distinctive set of food preferences and eating habits in urban areas (Huang
and Bouis 2001; Regmi and Dyck 2001; Dapi et al. 2007; Kearney 2010; Bosu 2015). Besides, there is
a literature strand advocating economic development rather than urbanisation as a fundamental driver
for changes in dietary patterns (Regmi and Dyck 2001; Kearney 2010; Stage et al. 2010; Pandey et al.
2020). These authors argue that “the difference between urban and rural households’ patterns of food
consumption is not caused by urbanisation and cultural change but income differences”.
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Increasing female participation in labour market
Several items in the United Nations Millennium Development Goals (United Nations 2020) are centred
around the intention to raise global awareness and promote women’s employment as the means to
improve population health and mitigate poverty. Since the United Nations Millennium Declaration was
signed in September 2000, there has been a significant shift from part-time to full-time employment of
women in LMICs (Lopez-Arana et al. 2014).
The additional economic earnings from maternal employment allow higher household food
expenditures and the purchase of energy-dense foods, all of which could result in an overconsumption
of energy (Oddo et al. 2017). Traditionally, women played a crucial role in meal preparation and regular
shopping for fresh foods (Welch et al. 2009). Recent trends in workforce and changing family structures,
including the growing economic participation of women, are likely to intensify time pressures and boost
demand for convenience foods (Gehlhar and Regmi 2005; Popkin 2006b; Datar et al. 2014). Improved
female employment raises the opportunity costs of food preparation, decreases the time women spend
on preparing and cooking foods (Popkin and Reardon 2018), and generate preferences for processed
foods that are ‘ready-to-eat’ or ‘ready-to-heat’ (Huang and David 1993; Huang and Bouis 2001; Bourne
et al. 2002; Mutlu and Gracia 2006; Anand 2011; Reardon et al. 2021). Studies in the USA, China and
elsewhere document a significant reduction in cooking time but an increase in leisure time (Popkin et
al. 2012; Wang et al. 2012; Smith et al. 2014). Nonetheless, empirical evidence points to an
insignificant association of maternal employment with children’s diet (Nie and Sousa-Poza 2014) as
well as their nutritional status (Eshete et al. 2017).
To sum up Section 2.3, globalisation plays an important role in driving changes in nutritional
status of populations in countries of different development levels. The empirical literature provides a
nuanced view of the impact, indicating that different processes and sub-components bring in different
effects. Trade openness contributes to shifts in dietary patterns by broadening dietary diversity and
increasing the availability of cheap calories and fat, and hence reduces undernutrition. However, trade
openness alone is not adequate to explain the increase in obesity and overweight prevalence. There
seems to be more associated with FDI and the global flow of information in LMICs, owing to food
marketing and advertising. Socio-cultural aspects have a profound influence on dietary patterns
especially regarding the consumption of calories and fats. In addition to globalisation, various
development factors are proposed as drivers for the global dietary shift, including agricultural policies,
rising income, urbanisation, and female employment. Nevertheless, the empirical evidence and the
underlying mechanisms through which these take place remain controversial. The existence of impacts
at varying degrees across sub-populations where the most vulnerable segments tend to be affected
disproportionately highlights the need to reduce inequalities in access to food and to develop targeted
policies which would protect the groups most vulnerable to adverse impacts of these global forces.
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2.4

The literature on overweight and obesity

The last three decades have witnessed significant demographic, economic development, environmental
and cultural changes. Obesity has risen at an alarming speed all over the world especially in developing
countries where, despite some remarkable progress in improving the nutritional status, the prevalence
of undernutrition rermains high and has increased recently (FAO 2021b). In the food economics
literature, such a phenomenon is known as the double burden of malnutrition – the coexistence of
undernutrition and overweight/obesity in the same countries, communities and households (WHO
2017b). Previous studies have analysed the double burden in different geographical regions (see, for
example, Hanandita and Tampubolon 2015; Lowe et al. 2021; Nguyen et al. 2021). But is it a universal
phenomenon or does it only inflict certain groups of population in both developing and developed
countries? Shrimpton and Rokx (2012) argue that the double burden of malnutrition affects all countries,
rich and poor, and is a particular concern in countries with high stunting rates. However, more evidence
is needed to better understand the socioeconomic drivers of double burden in different settings as this
would assist the development of food and nutrition policies.
Up til now the dual burden has been primarily described as an urban problem, that is associated
with sedentary lifestyles, ‘Westernisation’ of diets, and ‘obesogenic’ food environments (Doak et al.
2005; Jehn and Brewis 2009; Popkin et al. 2012; Kimani-Murage et al. 2015). Nevertheless, an
increasing wealth of evidence has revealed that the dual burden is also found in the rural settings where
lifestyles and food environments are still more traditional (Fongar et al. 2019). The authors analyse the
prevalence of double burden in rural Kenya and document an individual-level prevalence of 19%. This
relatively high rate is likely to reflect the low dietary quality. It turns out that typical diets in the region
are sufficient in terms of calories but insufficient in terms of micronutrients. Of diets in rural Kenya,
most calories are derived from unprocessed foods (starchy staple foods) while quantities of fruits,
vegetables, and animal products remain little. Importantly, better educated households are somewhat
less affected by the double burden.
Digging into the cause of the double burden of undernutrition and overnutrition, it is a common
belief that such a paradox is the result of a rapid nutrition transition (WHO 2017b). The progressive
‘Westernisation’ of eating patterns, represented by a strong increase in the consumption of fats, animal
sourced products and processed foods, combined with an increasingly sedentary lifestyle is oft-quoted
to encourage the increase in overweight and obesity.
Evidence from empirical studies shows that across countries the prevalence of undernutrition
is strongly correlated with the nation’s wealth (Swinburn et al. 2019; Nugent et al. 2020; Popkin et al.
2020). As a result, stunting and undernutrition tend to reduce as national income improves.
Unfortunately, economic development is associated with rising prevalence of obesity and this has
become a great concern to governments of emerging countries due to the burgeoning health care costs
(Prentice 2018).
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While there is an extensive literature characterising overweight and obesity in developed
countries, the literature on developing countries is relatively limited besides studies that document the
rising trend. In the previous literature, socioeconomic status (such as income levels and educational
attainment) has been proved to be a strong predictor of obesity (Sobal 1991; Sundquist and Johansson
1998; Pickett et al. 2005; Costa-Font and Gil 2008; Drewnowski 2009; Font et al. 2010; Ralston et al.
2018; Mathieu-Bolh and Wendner 2020). On average, the likelihood to be obese is highest in the lower
socioeconomic strata of society in rich countries and among higher income groups in low- and middleincome countries (Shrimpton and Rokx 2012). Higher economic development tends to shift obesity
burden from the rich to the poor (Dogbe 2021). Across countries, weight gain tends to occur to same
sort of individuals except highly educated and poor people.
While the weight of an individual can be simply a conceptualised balance between the number
of calories consumed and the number of calories expended through physical activity, the determinants
of weight gain are more complicated. Genetics, globalisation, economic development, technological
advancement, increasing female labour market participation, and urbanisation have been proposed as
factors contributing to rising body mass index (BMI) (Lopez 2004; Philipson and Posner 2008;
Lakdawalla and Philipson 2009; Thow and Hawkes 2009; Welch et al. 2009; Nuttall 2015; Braha et al.
2017).
A growing body of literature has drawn attention to the role played by globalisation process,
especially the ways that changes in global socio-cultural environments have led to an ‘obesogenic’
environment (Costa-Font et al. 2010; Ulijaszek and Schwekendiek 2013). In this regard, economic
globalisation, particularly trade liberalisation, facilitates the diffusion of ‘obesogenic’ products in lowand middle-income countries (Drewnowski et al. 2010; Vogli et al. 2014). Cultural globalisation with
the increasing exposure to ideas and images from the West may encourage the consumption of fast
foods to sound more “modern” (Oberlander et al. 2017). This so-called dependency/world systems
theory (Fox et al. 2019) places a stronger emphasis on underlying factors external to the country – for
example, international trade regimes that allow the entry of transnational food corporations into
emerging economies and thus help to promote the increased consumption of unhealthy foods and
ideational lifestyle diffusion. Generally speaking, if this dependency theory holds, a greater integration
into the global economy and Western culture should result in higher BMI.
Another explanation for the rising obesity rates is that in the process of modernisation countries
are experiencing domestic nutrition transition (Hawkes 2006). Even without the increased exposure to
global markets or images of the ‘Western’ diet, middle classes in countries may increase demand for a
richer diet, processed foods and unhealthful local foods. Modernisation is closely associated with a set
of development variables including technological advancement, urbanisation and women’s
empowerment. Development inexorably leads to health transitions, including the rise of unhealthy
lifestyles when disposable income increases (Fox et al. 2019). In other words, the modernisation theory
predicts a relationship between the growth of GDP per capita and BMI. Following this literature stream,
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there is a debate over whether the process of modernisation is linear or inverted-U shaped (MathieuBolh and Wendner 2020). In the latter case, the overall burden of disease may increase before declining
owing to a double-disease burden. It is possible that the relationship between economic development
and weight gain is not linear and that at low levels of development BMI increases rapidly but decreases
at higher levels of development.

2.5

Convergence theories

2.5.1

Beta versus sigma convergence

The term ‘convergence’ implies a dynamic mechanism moving from different initial levels towards
some common outcome. Economists started to turn their attention to this concept after the historical
phenomenon in the world economy in the late 1980s/early 1990s. For almost two centuries, a group of
industrialised countries was the growth generator of the world economy. From 1990, a group of
developing countries began to grow more rapidly than developed countries and the remarkable growth
rate of developing countries has remained for the past two decades (Martin 2019). If this pattern
continues, developing countries will ‘catch up’ with their developed peers in the future.
Several reasons have been proposed to explain why countries that were once behind the leading
economies will grow more rapidly than the leaders. According to Abramovitz (1986), new technologies
are adopted, and with the latest technologies, countries are able to move from the existing production
possibility frontier to the new curve. Poorer countries can replicate the production methods,
technologies, and institutions of the richer countries. Similarly, Baumol (1986) argues that technology
is a public good and its diffusion leads to convergence. If this model holds, the unconditional income
convergence would occur, and the growth rates would be highest among the lowest income countries.
However, this convergence model proves to be far from reality during the first two centuries of the
Industrial Revolution. While per the capita income increased in both industrialised and developing
economies, the growth rate was substantially higher for the former group of countries (Martin 2019).
The concept of convergence was initially defined in development economics and has been
examined extensively in regional studies in the context of income. Two most pertinent convergence
theories include beta convergence and sigma convergence.
Beta convergence
Beta convergence has gained its popularity among economists since the seminal paper by Barro and
Sala-i-Martin (1992). In the simplest terms, beta convergence refers to the process in which poor
countries grow faster than rich countries at an earlier stage before converging to grow at similar rates
in the long term. At the end of this transitional dynamism, the initially poorer economies would reach
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the per capita income level of richer economies, a concept usually referred to as the catching-up process.
This concept is directly related to the neo-classical Solow’s growth theory (Solow 1956), according to
which the source of convergence is the assumed diminishing returns to capital. The growth process
should enable economies to reach a long-run steady-state level characterised by a rate of growth which
depends only on exogeneous factors (such as the rate of technological progress and labour force growth
rate).
When all economies are assumed to converge towards the same steady-state level (in terms of
GDP per capita or growth rate) regardless of their initial level of output per capita, beta convergence is
said to be ‘absolute’ (Barro and Sala-i-Martin 1992). Absolute convergence relies on the critical
assumption that structural parameters (such as saving rate, population growth, capital depreciation, and
technology level) are homogeneous across countries. However, the steady-state level may depend on
features specific to each country so that convergence still takes place but not necessarily at the same
long-run levels for all economies. In this case, beta convergence is said to be ‘conditional’. Countries
that have similar structural conditions (for instance technologies, human capita, population growth rates,
legal institution) tend to converge on their own steady state (Mankiw et al. 1992).
In addition to absolute and conditional convergence, the extant literature documents another
convergence hypothesis, ‘convergence club’. Countries sharing similar structural characteristics and
initial factors (for example GDP per capita, human capita, preferences, public infrastructure) converge
with one another in the long-term but need not converge on the same equilibrium path (Galor 1996).
Instead, countries belonging to the same club move toward a club-specific steady-state equilibrium and
there is no convergence across different sets of equilibria.
To sum up, absolute convergence yields one equilibrium for all countries, whereas countries
approach their own equilibrium level in conditional convergence, and convergence club exhibits
multiple equilibria.
In order to examine the existence of absolute beta convergence, Barro and Sala-i-Martin (1992)
use the data on real per capita income, 𝑦𝑖𝑡 , for a set of economies 𝑖 = 1, … , 𝑁, and regress the average
growth rate over the interval between any two points in time, 𝑡0 and 𝑡0 + 𝑇, on the initial level of
income. Specifically, the following nonlinear equation is estimated using non-linear least square (NLS):
𝑦𝑖,𝑡 +𝑇
1
log ( 𝑦 0 )
𝑇
𝑖,𝑡0
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(2.1a)
(2.1b)

where 𝜀𝑖,𝑡0,𝑡0 +𝑇 represents an average of the error terms, 𝜀𝑖 , between times 𝑡0 and 𝑡0 + 𝑇. The constant
1−𝑒 −𝛽𝑇

term is defined as: 𝐵 = 𝑥 + [

𝑇

] [log(𝑦̂ ∗ ) + 𝑥𝑡0 ], which is independent of i under the assumptions

that 𝑦̂𝑖∗ = 𝑦̂ ∗ and 𝑥𝑖 = 𝑥. In other words, the steady-state value, 𝑦̂𝑖∗ , and the rate of technological
progress, 𝑥𝑖 , are assumed to be the same across economies. The left-hand side in equations (2.1a) and
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(2.1b) represents the average annual growth rate. If 𝛽 > 0 , then 𝑒 −𝛽𝑇 < 1 and 𝑒 −𝛽𝑇 − 1 < 0 ,
indicating that the growth rate and natural log of the real per capita income in the beginning period are
negatively correlated – that is indicative of absolute beta convergence.
As shown in the study by Sala-i-Martin (1996a), the following linear growth equation could be
estimated using OLS approach:

Or:

𝑦𝑖,𝑡 +𝑇
1
log ( 𝑦 0 )
𝑇
𝑖,𝑡0
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(2.2a)
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= 𝐵 + (𝑏𝑇 − 1) log(𝑦𝑖,𝑡0 ) + 𝜀𝑖,𝑡0 ,𝑡0+𝑇

(2.2b)

The reason to estimate equation (2.1) using non-linear least square (NLS) rather than the linear
version in (2.2) using OLS is that the estimated speed of convergence 𝛽 can be directly compared across
economies in the data set with different time lengths. In addition, the parameter 𝛽 in (2.1) can be
interpreted as the speed of convergence of an economy approaching its steady-state level. Regarding
the equation (2.2), the speed of convergence 𝛽 could be computed by solving the equality (1 − 𝑏𝑇 ) =
(

1−𝑒 −𝛽𝑇
).
𝑇

The OLS coefficient estimate (1 − 𝑏𝑇 ) would be inversely related to T (the length of the

period over which the growth rate is computed). The reason is that if convergence exists, the growth
rate should fall over time as when the economy is wealthier, the growth rate is predicted to be smaller.
When considering long periods of time, the early periods with large growth rates are combined with
latter periods with small growth rates. Therefore, the growth rate predicted by the original low level of
income is smaller, the longer the time period of analysis. As T goes to infinity, the term (1 − 𝑏𝑇 )
approaches zero, and as T goes to zero, the term (1 − 𝑏𝑇 ) approaches 𝛽.
To test the hypothesis of conditional convergence, a set of variables that proxy the steady state
is incorporated into the regression model like (2.1) or (2.2). That is, one estimates the following model
(Sala-i-Martin 1996b):
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) log(𝑦𝑖,𝑡0 ) + 𝜓𝑋𝑖,𝑡0 + 𝜀𝑖,𝑡0,𝑡0 +𝑇

(2.3b)

where 𝑋𝑖,𝑡0 is a vector of variables that hold constant the steady state. If the 𝛽 estimate is positive, after
controlling for 𝑋𝑖,𝑡0 , the data set is said to exhibit conditional beta convergence.
Nonetheless, in several empirical studies, a simplified version of beta of the following growth
equation is often utilised to measure beta convergence:
1
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log (
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(2.4)

1

where 𝑇 log (

𝑦𝑖,𝑡0 +𝑇
𝑦𝑖,𝑡0

) represents economy i’s growth rate of real per capita income between two times

𝑡0 and 𝑡0 + 𝑇; log(𝑦𝑖,𝑡0 ) is the logarithm of economy i’s GDP per capita at time 𝑡0 ; 𝑋𝑖,𝑡0 includes all
other factors supposedly affecting the growth rate; 𝜀𝑖 is the error term. A significantly negative 𝛽 is
indicative of beta convergence. The estimated 𝛽 also indicates the rate at which regions approach their
steady state (the convergence speed). If 𝜓 is restricted to zero, absolute convergence is assumed.
Providing that 𝜓 is freely estimated, conditional convergence is assumed. The simplified version shown
in (2.4) depends on a critical assumption that economies in the data set all have the same time length.
With regard to the testing method of convergence club, previous studies have predominantly
estimated a nonlinear time-varying factor model (Phillips and Sul 2007, 2009).
There is a large body of literature that attempts to detect and measure beta convergence in
numerous contexts. Recent contributions (see, among others, Baumont et al. 2003; Le Gallo and Sandy
2006; Tselios 2009; Li et al. 2016) involve investigating equation (2.4) in the light of spatial analysis.
There are good reasons to believe that the omission of a spatial dimension from the analysis of regional
beta convergence process is likely to produce biased results (see, for example, Rey and Montouri 1999;
Fingleton 2003; James and Campbell 2013; Viegas and Antunes 2013; James and Campbell 2014; Díaz
Dapena et al. 2019; Pietrzykowski 2019). First, working with regional data requires addressing the
specific issue of spatial autocorrelation, meaning that contiguous regions may influence each other’s
performance. As a consequence, regional economic variables are likely to be interdependent,
invalidating the OLS assumptions under which equation (2.4) is estimated. Possible solutions involve
including ‘spatial lags’ into the model (to account for the fact that the growth rate of one region also
depends on either the growth rate or the level of income of surrounding regions) and estimating spatial
error models (to account for the possible systematic measurement errors due to the spatial correlation
of the variables not included in the model). Second, differences in the fundamentals of regional
economies raises the problem of spatial heterogeneity. To put it differently, the economic relationship
shown in equation (2.4) is not stable over the space, meaning that the true value of the estimated
coefficients (𝐵 , 𝛽, and 𝜓) varies across regions or countries.
Sigma convergence
Unlike beta convergence which aims to detect the ‘catching-up’ process, sigma convergence refers to
the reduction in disparities among regions over time. It is shown that beta convergence is a necessary
but not a sufficient condition for sigma convergence (Young et al. 2008). Economies can converge
towards one another but may be pushed apart due to random shocks. Since the detection of beta
convergence relies on the estimation of an econometric model, some researchers prefer sigma
convergence as it deals with a direct measurement of distribution among regions without the need to
estimate a particular model.
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(Income) convergence means that the dispersion of incomes in a set of economies reduces over
time; therefore, (income) convergence refers to the decrease in the ‘width’ of income distribution
density. All income inequality indicators, which are also sigma convergence measures, are simply
statistics measuring the ‘width’ of income distribution in one way or another. Commonly used measures
of sigma convergence include the coefficient of variation, the Gini coefficient, the Atkinson’s index,
the Theil index, and the mean logarithmic deviation. Each of these indices is introduced in the
subsequent discussion along with their relative merits as well as caveats. A summary of the five indices
is presented in Table 2.1. Being based on different concepts of inequality and due to different
constructing formulas, these indices may not yield the same indication of changes in disparities over
time. Therefore, if the primary interest lies on the evolution of disparities, it is crucial to analyse a
variety of indices.
Coefficient of variation
The coefficient of variation is a normalised measure of dispersion of the probability distribution. It is
calculated by dividing the standard deviation by the mean, thus indicating a high or low level of
variability relative to the mean value. Any reduction in coefficient of variation indicates a decline in the
dispersion among countries and signals sigma convergence (Baumol 1986). Also quantifying the
variability of the distribution, the standard deviation is, however, less preferred than the coefficient of
variation as the former is meaningless on its own unless it is accompanied by the mean.
The coefficient of variation (CV) measuring regional inequality takes the following form:

𝐶𝑉 =

1
𝑁

√ ∑𝑁
̅)2
𝑖=1(𝑦𝑖 −𝑦
𝑦̅

(2.5)

where 𝑦𝑖 represents the per capita income of region i, 𝑦̅ denotes the average of regional per capita
incomes, and 𝑁 is the number of regions.
Gini coefficient
The Gini coefficient (Gini 1936) is one of the most popular measure of inequality in the distribution of
income or wealth. By definition, it varies between 0 and 1. A low value indicates more equal distribution
and a high value indicates more unequal distribution. 0 corresponds to perfect equality while 1
corresponds to perfect inequality where income is concentrated in the hands of one person. The Gini
index is the Gini coefficient expressed as a percentage. The Gini coefficient (G) is computed as:

𝐺=

𝑁
∑𝑁
𝑖=1 ∑𝑘=1|𝑦𝑖 −𝑦𝑘 |

2𝑁 2 𝑦̅

where 𝑦𝑖 and 𝑦𝑘 represent the per capita income of region i and region k (𝑖 ≠ 𝑘), 𝑦̅ denotes the
average of regional per capita incomes, and 𝑁 is the number of regions.
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(2.6)

It is shown in equation (2.6) that the Gini coefficient allows direct comparison of the income
distribution of two populations regardless of their sizes. An important limitation is that it is influenced
by the granularity of the measurements (Monfort 2008). To illustrate, a Gini coefficient computed on
the basis of five 20% quantiles (low granularity) will most likely be lower than the one based on twenty
5% quantiles (high granularity) taken from the same distribution. In addition, very different income
distributions can present the same Gini coefficient (Afonso et al. 2015).
Atkinson index
The Atkinson index (Atkinson 1970, 1983) is a popular welfare-based measure of inequality. It presents
the percentage of total income that a given society would have to forego in order to have more equal
shares of income between its citizens. Its feature is the ability to emphasise movements in particular
segments of the distribution. The Atkinson index (A) can be calculated as follows:
1

𝐴𝜖 = 1 −

𝑦𝑖 1−𝜖 1−𝜖
(𝑁 ∑𝑁
)
𝑖=1 ( 𝑦̅ )
1

, 𝜖 ≠ 1,

(2.7a)

, 𝜖 = 1,

(2.7b)

1

1

𝑁
𝐴𝜖 = 1 − 𝑦̅ ∏𝑁
𝑖=1 𝑦𝑖

where 𝑦𝑖 represents the per capita income of region i, 𝑦̅ denotes the average of regional per capita
incomes, 𝑁 is the number of regions, and 𝜖 is an inequality aversion parameter.
The Atkinson index ranges between zero and one. Zero corresponds to complete equality, i.e.
when all individuals have the same income, and one corresponds to complete inequality, i.e. when the
wealth is concentrated in the hands of one individual and all others having no income at all.
As can be seen from equations (2.7a, b), the value of the Atkinson index depends on the degree
of society’s aversion to inequality (𝜖) which is a theoretical parameter set by the researcher. A higher
value of 𝜖 involves greater willingness by individuals to accept smaller incomes in exchange for a more
equal distribution (Bellu and Liberati 2006b). The value of the Atkinson index can be interpreted in
terms of the equally distributed equivalent. An Atkinson index with the value of, say 0.6, means that if
wealth was equally distributed, the same level of social welfare could be achieved with only 40% of
actual total wealth.
Due to the inequality aversion parameter, the Atkinson index becomes more sensitive to
changes at the lower end/left tail of the income distribution (low income) as 𝜖 increases and approaches
1. As the level of inequality aversion 𝜖 decreases and approaches 0, the Atkinson index becomes more
sensitive to changes in the upper end/right tail of the income distribution (high income) (Afonso et al.
2015). An important feature of the Atkinson index is that it can be decomposed into within- and
between-group inequality – a property known as decomposability (Shorrocks 1984).
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Theil index and Mean logarithmic deviation
The Theil index and the mean logarithmic deviation are considered complex inequality measures, and
both belong to the entropy class of inequality indices. In thermodynamics, entropy refers to a measure
of disorder. Applied for income distribution, entropy can be interpreted as a measure of deviation from
perfect equality (Bellu and Liberati 2006a). A generalised entropy inequality index is given as:
1

1

𝑦

𝛼

𝑖
𝐺𝐸(𝛼) = 𝛼(𝛼−1) [𝑁 ∑𝑁
𝑖=1 ( 𝑦̅ ) − 1]

(2.8)

where 𝑦𝑖 is the per capita income of region i, 𝑦̅ is the average of regional per capita incomes, and 𝑁 is
the number of regions.
The formula (2.8) defines a class of indices since the index 𝐺𝐸 (𝛼) can take different forms
depending on the value of 𝛼. In theory, the parameter 𝛼 can take any possible real value [−∞, ∞].
However, in practice, 𝛼 is often set to be non-negative, i.e. 𝛼 ≥ 0 since for a negative value of 𝛼 this
class of indices is undefined if regions with zero incomes exist (𝑦𝑖 = 0). A positive 𝛼 represents the
weight assigned to distances between incomes at different parts of the distribution and captures the
sensitivity of the GE index to a specific part of the income distribution. In particular, the GE index is
more sensitive to changes in the upper tail of the distribution for a positive and large 𝛼, whereas it is
more responsive to what happens at the lower tail of the income distribution for a positive and small 𝛼
(Atkinson and Bourguignon 2015). The GE index can take values between 0 and ∞. Zero corresponds
to perfect equality and a higher value corresponds to a higher level of inequality.
Of especial interest are the two inequality measures when 𝛼 = 1 and 𝛼 = 0. 𝐺𝐸(1)is called
“Theil’s T” or commonly the Theil’s index (Theil 1967) while 𝐺𝐸(0) is called “Theil’s L” or the mean
logarithmic deviation. Thus, the Theil’s index and the mean logarithmic deviation are computed as
follows:
1

𝑦

𝑦

𝑖
𝑖
𝐺𝐸(1) = 𝑁 ∑𝑁
𝑖=1 𝑦̅ ln ( 𝑦̅ )

1

𝑦

𝑖
𝐺𝐸(0) = − 𝑁 ∑𝑁
𝑖=1 ln ( 𝑦̅ )

(2.9)
(2.10)

where 𝑦𝑖 is the per capita income of region i, 𝑦̅ is the average of regional per capita incomes, and 𝑁 is
the number of regions.
Belonging to the entropy class, both indices share some key features. A notable advantage of
these measures is the ability to be fully decomposable, meaning that inequality may be disentangled by
population groups or income sources which can be useful to policymakers (Bellu and Liberati 2006a).
A main limitation is that both indices are undefined if there are zero incomes.

40

Table 2.1 Main characteristics of five select sigma convergence measures.
Measure

Range

Coefficient of variation

[0, 1]

Gini index

[0, 1]

Atkinson index

[0, 1]

Theil index

[0, ∞]

Mean logarithmic deviation

[0, ∞]

2.5.2

Main features
Sensitive to changes in the mean, particularly when the mean value
is near zero.
Sensitive to changes in inequality around the median/mode.
Sensitive to changes in lower or upper tails of the distribution
depending on the “aversion to inequality”.
• Gives equal weights across the distribution.
• Does not have a straightforward interpretation.
• Sensitive to changes at the lower end of the distribution.
• Does not have a straightforward interpretation.

Applications of convergence theories in food economics

Being defined and examined extensively in income levels, the concept of convergence has been
successfully applied in other fields to investigate for example crime rates (Cook and Winfield 2013),
energy consumption (Mohammadi and Ram 2012, 2017), and obesity levels (Li and Wang 2016;
Kasman and Kasman 2020; Bell et al. 2021). In food economics, the focus has been put on testing
convergence in food demand. In terms of convergence methodologies, earlier studies have been
conducted at both micro- and macro-level. Micro researchers (Angulo et al. 2001; Regmi and Unnevehr
2006; Regmi et al. 2008b; Nowak and Kochkova 2011; Erbe Healy 2014) mostly employ food
expenditure data on food items in household food basket to compute the coefficient of variation (“sigma
convergence”). Macro researchers (Herrmann and Röder 1995; Elsner and Hartmann 1998; Wan 2005;
Borkowski et al. 2008; Ravallion 2012; Ogundari and Ito 2015) utilise the per capita food supply at
aggregate level to estimate beta following beta convergence regression model.
Overall, studies on convergence in food consumption are not new but mainly focus on
developed countries. Blandford (1984) examines dietary trends in OECD countries from 1960 to 1980
and finds that the caloric consumption not only appears to reach a ceiling but also becomes less
responsive to changes in income. The author documents a growing trend in the proportion of energy
from animal products and a tendency for dietary structure of OECD countries to become alike. In a
similar attempt but utilising food expenditure data, Regmi and Unnevehr (2006) uncover convergence
in total food as well as cereal and meat consumption among 18 OECD high-income countries. This is
attributed to the highly standardised food delivery system at retail level and the increasingly
homogeneous consumer’s tastes and preferences. Srinivasan et al. (2006) further explore the current
food consumption patterns in OECD countries and find that the majority are incompatible with the
WHO dietary recommendations, primarily because of excessive fat and sugar intakes. Nevertheless,
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some improvement is documented by Mazzocchi et al. (2008) and the authors report evidence of sigma
convergence so that OECD countries are becoming increasingly similar in terms of dietary healthiness
(measured as the degree of adherence to the WHO suggestions). Convergence, however, is not detected
for the whole sample of 149 countries.
At the global perspective, Regmi et al. (2008b) show significant convergence in food
consumption across 47 high- and middle-income countries during 1990-2004, and that the convergence
speed has slowed down. The authors conclude that upper-middle-income countries are converging
towards the same food expenditure level as OECD countries while lower-middle-income peers are
approaching a lower steady-state level. Their findings also support the argument of Popkin (2006a) that
middle-income countries are adopting less healthy food items (such as meat, dairy, sugars, stimulants,
and soft drinks) that are prevalent in the diets of high-income counterparts. Furthermore, Frazão et al.
(2008) provide an estimate ranging between 16 and 21 years for the half-life (in other words, the number
of years required for progress halfway towards the steady-state level when convergence is assumed to
have been achieved). It is worth noting that convergence in fast food sales is occurring at a much faster
speed than any other type of food expenditure, with a half-life estimate of 9 years.
In contrast to the above studies standing from the demand-side perspective, Bentham et al.
(2020) point out to partial convergence in the national supply of animal-source foods and sugars but
divergence in the supplies of vegetables, seafood and oil crops. Also analysing the Food Balance Sheet
data from the FAO, Khoury et al. (2014) suggest that dietary composition across 152 countries is
becoming more similar and national food supplies have increasingly relied on a set of truly global crop
commodities. However, the sole focus of Khoury et al. (2014) is to evaluate the similarity in global
diets without testing any convergence theory or implying about converging diets. A recent attempt to
quantify the (sigma) convergence in global patterns of dietary consumption is put forward by Bell et al.
(2021). Comparing across various foods and nutrients, the authors conclude that the convergence of
fats and animal-source foods has increased more rapidly than other foods and nutrients such as fruits
and vegetables, zinc, iron and vitamin A.
Digging into the determinants of the increasingly similar patterns of food consumption,
previous researchers largely agree on income growth and globalisation of the food retail and
foodservices (Blandford 1984; Frazão et al. 2008; Gerbens-Leenes et al. 2010; Kearney 2010;
Schneider et al. 2011; Brunelle et al. 2014). Economic theory suggests that consumers’ demand for
food changes in predictable ways as income rises. According to Engel’s law, the income elasticity of
demand for food is less than one and therefore, other things being equal, the share of income spent on
food declines as income rises (Clements and Si 2018). Another important economic baseline is
Bennett’s law, which states that food composition shifts away from starchy staples as income rises, with
increasing demand for fruits, vegetables, vegetable oils, and animal-source foods (Bennett 1941). The
global expansion of multinational retail and foodservice chains has shaped consumer preferences and
standardised the ways in which food is produced, delivered and consumed around the world (Unnevehr
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2004; Martin 2018). Also, social globalisation contributes to convergence in tastes (Aizenman and
Brooks 2008).
A great amount of previous research efforts is spent on relating the convergence in food
consumption patterns to the integration within the European Union (EU). For the EU, economic and
institutional integration has long been considered as fundamental goals. Hence, the ‘catching-up’
process among its member countries is of paramount relevance and any evidence of convergence across
national borders would support the implementation of common policies across countries. In the existing
literature, the issue of convergence within the EU is usually examined from a macroeconomic
perspective, for instance using GDP per capita (Cabral and Castellanos-Sosa 2019), productivity
(Sondermann 2014), and inflation rate (Brož and Kočenda 2018). Little attention has been paid to living
standards across countries. As pointed out by Wan (2005), consumption convergence directly implies
declining inequality in accessibility to food that is an indication of integrated living standards across
regions/countries. Analyses of food consumption would assist governmental and non-governmental
agencies in designing policies, infrastructure development plans and marketing strategies. Besides,
convergence in food consumption could indicate that globalisation is having a homogenising impact on
cultural identity (Erbe Healy 2014). These motivations lead to the blossoming of several research papers
on this topic.
Proxying shares in food expenditure for the living standard of an average household in a given
country, Dudek (2014) discovers a ‘catching-up’ process taking place in EU27 as well as EU15.
However, the author does not find evidence for sigma convergence in EU15. A large number of
researchers voice the same opinion that the dietary structure of EU countries is becoming more alike
(Gil et al. 1995; Traill 1997; Elsner and Hartmann 1998; Grigg 1998; Sojková and Matejková 2001;
Schmidhuber and Traill 2006; Sengul and Sengul 2006). Unlike the abovementioned researchers, Erbe
Healy (2014) reports an increasing coefficient of variation in the food expenditure patterns, suggesting
(sigma) divergence in four Western European countries (the United Kingdom, France, Ireland, and Italy)
over the period 1985-2005. However, when Italy – the outlier with a strong tradition in preparing food
at home as compared to the modern ‘eating out’ lifestyle in other countries – is removed from the study
sample, converging trends are predominant. Despite the mounting evidence for converging patterns of
food consumption in the EU, dietary differences still exist, for example between Mediterranean and
non-Mediterranean countries, Southern Europe and Northern Europe. Against the backdrop of the
significant convergence in socio-economic factors or even consumption at regional level (Nowak and
Kochkova 2011; Otoiu and Titan 2015; Michail 2020), why should the food consumption not be
completely converged?
Some researchers point to cultural and individual differences (Traill 1997; Gracia and Albisu
2001; Sengul and Sengul 2006). Clearly, culture affects consumer behaviour, and cultural diversity can
resist pressures from foreign travel, media, telecommunications – the factors that are closely linked with
globalisation and are believed to bolster the process of homogenising global food systems (Oberlander
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et al. 2017; De Sousa et al. 2018). On the other hand, individuals hold different values, resulting in
diversified food preferences and habits. In this manner, country groupings themselves represent just an
average of the national population whilst the market is rather fragmented. Considering the bewildering
array of demographic, economic, psychometric, attitudinal, cultural, and lifestyle characteristics, the
process of convergence is thus best viewed as the growing importance of homogeneous segments of
consumers in the food markets across national boundaries.
Realising the relatively significant influence of price, income, consumer preferences and other
factors stated in demand theory, some authors raise their concern over the validity of the absolute
convergence results when these factors are not considered (Herrmann and Röder 1995; Srivastava et al.
2016). They argue that statistics tests such as coefficient of variation or time series regression indicate
convergence just because income (as well as food price) converges across countries, and thereby it is
necessary to control for income, price and other explanatory variables before associating
convergence/divergence with long-run changes in consumer preferences. Other authors recommend
considering other factors besides those mentioned in demand theory, for instance, socio-demographics
(Erbe Healy 2014; De Sousa et al. 2018).
To summarise, the existing literature has identified: (i) rising similarity in total caloric supplies
and dietary structure across national borders, (ii) convergence in the consumption of caloric intakes and
certain food items. Despite the paramount importance of convergence in food consumption, research
studies on this topic are rather dated and mainly focus on developed countries and the EU. Few studies
have been conducted to examine food consumption patterns at the global level (Khoury et al. 2014;
Azzam 2020; Bentham et al. 2020; Bell et al. 2021); yet, formal convergence testing has been largely
missing. This fact reinforces the significance of the current research and the contributions it adds to the
existing literature.

2.6

Chapter conclusion

This chapter aims to review the existing literature on the nutrition transition and the associated dietary
changes. Although the nutrition transition model was originally developed in the early 1990s by Barry
Popkin to describe five distinct patterns of diet and lifestyles, the term nutrition transition is commonly
used to refer to the shift from traditional diets towards the ‘Western’ diet (Pattern 4 - Degenerative
disease) that is rich in fat, sugars, meat and processed foods but low in fibre, and accompanied by
increasingly sedentary lifestyles. Drivers for the nutrition transition are manifold and often involve a
wide variety of economic, social and cultural factors with the complex interconnectedness. The impacts
of underlying forces such as globalisation, rising income and urbanisation are well described in the
literature. Nonetheless, the underlying mechanisms through which these take place remain ambiguous.
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As there is mounting evidence for the dietary changes across the globe, the negative impacts of
these shifts on human health and the environment have become a source of great concern. As pointed
out by the nutrition transition model, the move towards healthier eating societies which is centred
around Pattern 5 (Behavioural change) is necessary to induce large-scale changes to improve diets. But
Pattern 5 so far remains hypothetical!
As a manifestation of the nutrition transition, global diets are predicted to be more similar as
countries develop and become further globalised. There is a wealth of evidence for the increasing
similarity in national food supplies that is indicative of convergence in consumption of caloric intakes
and certain food items. Having said that, research studies on this topic are dated, mainly focus on
developed countries and only few studies make connection to the nutrition transition literature. Few
studies are conducted to examine food consumption patterns at the global level; however, formal
convergence testing has been largely missing. Realising this gap in the extant literature, this research
examines the dietary convergence in the light of beta and sigma convergence methods using global data,
estimates the speed of convergence and probes into the role played by income. A challenge of
employing global data lies in the nature of data varying across space (countries) and over time. In order
to address this issue, this research utilises a statistical technique called cluster analysis to summarise
and describe global diets on the basis of the historical trends. Potentially the results of cluster analysis
will help to detect whether there is evidence for the existence of Pattern 5 in some countries and how
the diet might be like at this stage.
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Chapter 3

Cluster analysis

3.1

Chapter introduction

Researchers across various disciplines often face many tasks in which defining groups of homogeneous
objects, whether they are individuals, firms, countries or even behaviours, might be useful. Overall,
there is the need to search for a natural structure among observations based on a set of complex features.
The most commonly used technique for this purpose is cluster analysis.
Fundamentally, cluster analysis involves sorting observations into groups so that members of a
group are more similar to one another than they are to members of a different group. Each group is
known as a cluster and the process of assigning observations to groups is referred to as clustering. If
this task is done correctly, these clusters can be characterised by their profile – a summary of what
members of a group are like in terms of the original variables used for clustering purpose. Observations
in one group may have consistently high values on some variables but low values on others. As a cluster
is more similar internally than it is to any other cluster, the analyst only needs to check for the profile
of a cluster to have an insight into what all observations in that cluster are like instead of having to
analyse all original variables at once.
This chapter aims to present a general review on cluster analysis and to highlight the suitability
as well as novelty of this method for the current research. Section 3.2 lays down the conceptual
definitions and main steps involved in cluster analysis. Section 3.3 introduces methods for clustering
static data with a focus on both conventional methods (hierarchical and K-Means clustering) and the
ever-growing literature on fuzzy clustering. Section 3.4 and 3.5 look at clustering methods for time
series and spatial data respectively while Section 3.6 surveys methods for clustering space-time data.
Section 3.7 examines the application of cluster analysis in food economics, focusing on food
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consumption studies. Limitations of earlier studies and the need for further research are pointed out.
Section 3.8 concludes the chapter.

3.2

An overview of cluster analysis

3.2.1

Conceptual definitions

The aim of cluster analysis is to find groups (or clusters) of objects so that objects in the same cluster
are more similar to one another whilst dissimilar from objects in other clusters. To put it differently, the
main principle underpinning cluster analysis is to maximise the homogeneity of objects within the
clusters while maximising the heterogeneity of objects between clusters (Figure 3.1). Cormack (1971)
introduces the properties of internal cohesion (homogeneity) and external isolation (separation), and
argues that clusters should exhibit high internal (within-cluster) homogeneity and high external
(between-cluster) heterogeneity. If the clustering task is done successfully, objects within clusters will
be close to each other and objects belonging to different clusters will be far apart.

Figure 3.1 Visual illustration of cluster analysis.
Cluster analysis is an unsupervised technique to discover groups in data, and it should not be
confused with supervised learning methods in which the groups are known a priori and the aim is to
construct rules for classifying new individuals into one of the known groups. For supervised learning
methods (such as regression or classification), one is given a set of 𝑝 features (𝑥1 , 𝑥2 , … , 𝑥𝑝 ) measured
on 𝑁 observations and a response variable 𝑦 also measured on the same 𝑁 observations. The goal is
then to predict 𝑦 using 𝑥1 , 𝑥2 , … , 𝑥𝑝 . An example of supervised learning is weather forecast apps which
rely on some prior information (such as humidity level, and whether it is sunny or cloudy, etc) to predict
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the weather parameters for a given time. Another application of supervised learning in our daily life is
the email filtering system which, based on past information about spams (such as the email wording or
the sender’s address), filters out an incoming email into Inbox (normal) or Junk folder (spam). Here,
the goal is to try to predict a vector of continuous outcomes (the temperature in the first example) or a
binary classification (normal email versus spam in the second example). In contrast, the unsupervised
nature of cluster analysis implies that there is no rule for the initiation of classification, and the groups
are not known a priori (Budayan et al. 2009). For an unsupervised task, the researcher only has
information on a set of features 𝑥1 , 𝑥2 , … , 𝑥𝑝 measured on 𝑁 observations, and he/she is not interested
in predictions because there is not an associated response variable 𝑦. Instead, the goal is to discover
interesting patterns about the measurements on 𝑥1 , 𝑥2 , … , 𝑥𝑝 . Is there an informative way to visualise
the data? Do meaningful subgroups among the variables or among the observations exist? Unsupervised
learning techniques help to answer these questions. For instance, a biomedical researcher performs
cluster analysis on a data set consisting of 𝑁 observations (say tissue samples of patients with lung
cancer) and the corresponding clinical measurements for each observation (say tumour stage or gene
expressions) to find some unknown heterogenous subgroups of lung cancer. The goal here is not to
make predictions, but to uncover structure, i.e. the distinct clusters on the basis of the data set.
Comparing cluster analysis with factor analysis – the two most common unsupervised learning
methods, both techniques pursue the same objective of exploring structure in data. However, cluster
analysis groups objects (which could be units, countries, firms, individuals, or behaviours) whilst factor
analysis mainly concerns with grouping variables. Besides, the groupings in factor analysis are based
on patterns of variation (correlation) in data whereas cluster analysis performs the groupings on the
concept of distance (Hair et al. 2014). Some differences in these two procedures are highlighted in
Figure 3.2. Assume that a set of 𝑝 features (𝑋1, 𝑋2, … , 𝑋𝑝) measured on 𝑁 objects is given. Cluster
analysis seeks to assign 𝑁 objects into 𝐾 clusters (𝐾 < 𝑁) based on the 𝑝 features. The results of
cluster analysis indicate the membership of each object to each cluster, for example, Object 1 belongs
to Cluster 1, Object 2 belongs to Cluster 2, and so forth. Factor analysis, on the other hand, attempts to
reduce the number of variables (𝑝 features in this case) into fewer number of factors 𝐻 (𝐻 < 𝑝) that
are representatives of the original features. Factor analysis returns the factor loadings (a number ranging
from -1 to 1), with the loadings close to -1 or 1 indicating that the factor strongly influences the variable.
To illustrate, X1 has large positive loading (0.7) on Factor 1, so this Factor 1 best describes X1.
Similarly, Factor 2 best represents X2 due to the large positive loading (0.8).
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Figure 3.2 Cluster analysis versus factor analysis.

3.2.2

Basic stages in cluster analysis

In general, cluster analysis involves six steps as demonstrated in Figure 3.3.

Figure 3.3 Stages in cluster analysis.
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Step 1. Variables selection (and transformation)
The aim of cluster analysis is to partition a set of 𝑁 objects into 𝐾 groups based on the similarity of 𝑁
objects for a set of specified characteristics. This aim should dictate the selection of variables used to
characterise the objects being clustered because only variables that relate specifically to objectives of
cluster analysis should be included (Hair et al. 2014). Cluster analysis has no means to differentiate
relevant from irrelevant variables and yields the most consistent and distinct groups of objects across
all variables. Theoretical, conceptual and practical considerations must be made when selecting input
variables for cluster analysis. This step is critical as the derived clusters only reflect the structure of data
as defined by those variables. To put it differently, two objects in the same cluster are only considered
similar with regard to the selected input variables and might be dissimilar with respect to other variables
which are not used for the clustering task.
To illustrate, assume that a marketing researcher wishes to understand patterns in customer
spending on processed foods based on a survey conducted in a small community. The survey is divided
into two parts: the first part contains basic questions about the respondent’s socio-demographic profile
(such as age, gender, marital status, accommodation postcode, job sector, etc), and the second part is
related to the respondent’s weekly expenditure (in pounds sterling) in a range of processed food
products. In selecting the appropriate variables for a cluster analysis, the researcher should not utilise
the socio-demographic questions in the first part but the questions in the second part instead because
they are related to the customer’s spending behaviour. If the food expenditure questions are used for a
cluster analysis, the objective will be to see if there are groups of customers that exhibit distinctively
different patterns of shopping for processed foods between the groups, but similar shopping patterns
within each of the groups.
Despite the long history of cluster analysis, previous research has focused mainly on fine-tuning
clustering algorithms and review articles mainly explore the wide range of variables that can be used
for the basis of clustering (Dolnicar 2003; Tuma et al. 2011; Ernst and Dolnicar 2018). If survey data
are utilised, it is common to contain variables that do not necessarily contribute to the clustering solution
and they are referred to as noisy variables. It has been shown that irrelevant (noisy) clustering variables
negatively affect the quality of the clustering task since they not only mask the cluster structure leading
to less homogeneous clusters (Dolnicar et al. 2014) but also increase the dimensionality of the data
making the clustering task substantially more complex (Hajibaba et al. 2019). As a result, prior
researchers have proposed variable selection approaches to reduce the number of clustering variables
(Carmone et al. 1999; Brusco and Cradit 2001) or methods that simultaneously select the most
influential variables and group individuals (Dolnicar et al. 2011; Dolnicar et al. 2012; Legoherel and
Wong 2012). It is worth mentioning that the inclusion of irrelevant variables could potentially lead to
highly correlated variables, also known as multicollinearity. While multicollinearity is a serious issue
in regression analysis as it is difficult to estimate the relationship between each explanatory variable
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and the response variable independently and consequently the beta coefficient estimates are not stable,
the problem is different in cluster analysis because there is no response variable or beta coefficient.
Normally, correlated variables are removed only if the number of variables is much larger than the
sample size. Otherwise, all variables are kept, and the clustering result would be a very good partition.
A certain number of observations measured on a specified number of variables are used to create
clusters. Each observation belongs to one cluster and each cluster can be defined in terms of all variables
used in the analysis. The aim is to maximise internal cohesion and external separation among the
clusters. This aim is enforced if correlated variables are employed for the clustering task. Nevertheless,
Dolnicar et al. (2016) point out that no matter high correlation occurs among all variables or among
groups of variables it can decrease the performance of the clustering task.
The basic data input for most clustering methods is the 𝑁 × 𝑝 multivariate data matrix, 𝑋,
containing the variable values for each object to be clustered, given by:
𝑥11
𝑋=[ ⋮
𝑥𝑁1

⋯
⋱
⋯

𝑥1𝑎
⋮ ]
𝑥𝑁𝑎

(3.1)

in which the element 𝑥𝑁𝑎 denotes the value of the a-th variable on object 𝑁. 𝑋 is normally called a
‘two-mode’ data matrix since its rows and columns refer to two different things. The variables in 𝑋 can
be continuous, ordinal, categorical, or a mixture of these, and can include missing values. Sometimes,
the rows of 𝑋 may contain repeated measures of the same variable but under different conditions, at
different times, or at different spatial locations.
It is usually the case that variables need to be standardised (or scaled) to have: (i) standard
deviation of 1 and (ii) mean of 0, before any clustering algorithm can be applied. This is of paramount
importance if variables are measured on different scales (for instance kilometres, metres, grams).
Without this procedure, the dissimilarity measures (discussed in Step 2) will be distorted. Nonetheless,
standardisation is criticised as it might remove some natural relationships in the scaling of variables
(Aldenderfer and Blashfield 1984). Various approaches to standardisation have been proposed in the
literature (see, among others, Milligan and Cooper 1988; Jajuga and Walesiak 2000), and often the
formula for data standardisation is given as:
𝑥𝑖 −𝑐𝑒𝑛𝑡𝑟𝑒(𝑥)
𝑠𝑐𝑎𝑙𝑒 (𝑥)

(3.2)

where 𝑐𝑒𝑛𝑡𝑟𝑒(𝑥) is a function of mean (or median) of 𝑥 values, and 𝑠𝑐𝑎𝑙𝑒(𝑥) can be standard deviation,
interquartile range, or median absolute deviation.
Step 2. Selection of a distance (dissimilarity) measure
The concept of similarity/distance is fundamental to cluster analysis as one should determine how ‘close’
or how ‘far apart’ objects are to each other before performing any groupings. Many clustering tasks
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start with an 𝑁 × 𝑁 one-mode matrix, which contains elements indicating the quantitative measure of
closeness (also referred as distance/similarity/dissimilarity). Two objects are ‘close’ when the pairwise
distance (dissimilarity) measure is small. Distance measures can be decided either directly (from a
dissimilarity matrix) or indirectly (from a two-mode data matrix); however, the latter method is
common in practice.
Many clustering techniques start by converting the two-mode data matrix 𝑋 into an 𝑁 × 𝑁
matrix of inter-object dissimilarity matrix 𝐷, given by:
0
𝑑(𝑥11 , 𝑥21 ) 𝑑(𝑥11 , 𝑥31 ) ⋯ 𝑑(𝑥11 , 𝑥𝑁1 )
𝑑(𝑥21 , 𝑥31 ) ⋯ 𝑑(𝑥21 , 𝑥𝑁1 )
𝑑(𝑥21 , 𝑥11 )
0
𝐷=
0
⋯ 𝑑(𝑥31 , 𝑥𝑁1 )
𝑑(𝑥31 , 𝑥11 ) 𝑑(𝑥31 , 𝑥21 )
⋮
⋮
⋮
⋱
⋮
[𝑑(𝑥𝑁1 , 𝑥11 ) 𝑑(𝑥𝑁1 , 𝑥21 ) 𝑑(𝑥𝑁1 , 𝑥31 )
⋯
0

(3.3)
]

where 𝑑(𝑥21 , 𝑥11 ) denotes the quantitative distance measure between 𝑥21 and 𝑥11 . 𝐷 is called one-mode
matrix since its rows and columns indicate the same thing.
Broadly speaking, existing dissimilarity measures can be split into distance measures and
correlation measures. Distance measures focus on the magnitude of the values and might indicate that
two objects are close to each other even though they have different patterns across the variables. On the
other hand, correlation measures put an emphasis on the patterns across the variables, not the magnitude
of the differences between objects (Hair et al. 2014). The most common distance measures are listed in
Table 3.1.
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Table 3.1 Common dissimilarity measures for continuous data.
Distance
Euclidean

Rationale

Formula
𝑑(𝑥, 𝑦) = √∑𝑛𝑖=1(𝑥𝑖 − 𝑦𝑖 )2

A squared error distance

with x and y are two data vectors of length n
𝑛

Manhattan

𝑑(𝑥, 𝑦) = ∑|(𝑥𝑖 − 𝑦𝑖 )|

An absolute value distance

𝑖=1

A generalisation of Euclidean distance
Minkowski

(where 𝑟 = 2) and Manhattan distance

𝑑(𝑥, 𝑦) = 𝑟√∑𝑛𝑖=1|(𝑥𝑖 − 𝑦𝑖 )|𝑟 with 𝑟 ≥ 1

(where 𝑟 = 1)
𝑑(𝑥, 𝑦) = 1 −
Pearson
correlation

Measures the degree of a linear

∑𝑛𝑖=1(𝑥𝑖 − 𝑥̅ )(𝑦𝑖 − 𝑦̅)
√∑𝑛𝑖=1(𝑥𝑖 − 𝑥̅ )2 ∑𝑛𝑖=1(𝑦𝑖 − 𝑦̅)2

where 𝑥̅ 𝑎𝑛𝑑 𝑦̅ denote the mean of x and y

relationship between two objects

respectively

Spearman

Calculates the correlation between the

correlation

rank of 𝑥 and the rank of 𝑦

𝑑(𝑥, 𝑦) = 1 −

∑𝑛𝑖=1(𝑥′ − 𝑥̅′)(𝑦′ − 𝑦̅′)
𝑖

𝑖

√∑𝑛𝑖=1(𝑥′ − 𝑥̅′)2 ∑𝑛𝑖=1(𝑦′ − 𝑦̅′)2
𝑖

𝑖

where 𝑥′ = 𝑟𝑎𝑛𝑘(𝑥𝑖 ) and 𝑦′ = 𝑟𝑎𝑛𝑘(𝑦𝑖 )
𝑖

𝑖

Measures the correspondence between
the ranking of 𝑥 and 𝑦 variables. Begin
by ordering the pairs by 𝑥 values. If 𝑥
Kendall
correlation

and 𝑦 are correlated, they would have

𝑑(𝑥, 𝑦) = 1 −

𝑛𝑐 − 𝑛𝑑
1
2 𝑛(𝑛 − 1)

the same relative rank orders.

where 𝑛𝑐 , 𝑛𝑑 are the total number of concordant pairs

For each 𝑦𝑖 , count the number of 𝑦𝑖 >

and discordant pairs respectively

𝑦𝑖 (concordant pairs), and the number of
𝑦𝑖 < 𝑦𝑖 (discordant pairs).

Step 3. Applying a clustering algorithm
Cluster analysis is a data exploratory technique and different methods present different views of the
same set of data (Leisch 2006). A range of clustering algorithms have been established in the literature.
Details on clustering methods for static data, time series, spatial data, and time-space data are to be
presented in the next sections.
In general, clustering approaches in the literature can be categorised into distance/dissimilaritybased methods and model-based methods (Everitt et al. 2011). The former technique groups objects
into the same cluster based on the pairwise dissimilarity measure computed among objects. On the other
hand, the latter assumes that data are generated by a finite mixture of probability distributions and that

53

objects belong to the same 𝑗𝑡ℎ cluster if they have the same specific density function 𝑓𝑗 (typically a
Gaussian distribution function).
Step 4. Validating the clusters
This step typically involves determining the optimal number of clusters and evaluating the goodness of
clustering results with the aid of clustering validation statistics. Following Charrad et al. (2014),
clustering validation statistics can be grouped into three categories:
• Internal cluster validation measures, which use the internal information of the clustering
process to assess the goodness of the cluster results without reference to external information. These
statistics can be used to determine the number of clusters and the appropriate clustering algorithm for a
given data set. The widely used internal cluster validation index is the Dunn index. If the derived clusters
are compact and well-separated, Dunn index should be maximised (Dunn 1974).
• External cluster validation measures, where the objective is to quantify the agreement between
the identified clusters and an external reference. This approach is often used for selecting the appropriate
clustering algorithm for a specific data set. The most popular measure is the Adjusted Rand index
(Hubert and Arabie 1985).
• Relative cluster validation measures, which assess the cluster structure by changing different
parameters of the same algorithm and are mainly utilised to identify the optimal number of clusters.
There are over 30 available indices or methods that have been proposed in the literature. The most
common ones include elbow method, silhouette method, and gap statistics.
It is noted that the aforementioned methods for cluster validation are mainly applied for
distance/dissimilarity-based clustering methods. For model-based clustering methods, the best model is
usually selected according to the BIC criterion (Bayesian Information Criterion).
Step 5 + 6. Cluster interpretation and cluster profiling
In cluster interpretation step, each cluster is examined in terms of the clustering variables and other
additional variables. Average/weighted average values of these variables are computed for each cluster
and visual tools like boxplot are often used. A name or a label could be assigned to each cluster to
reflect distinct nature of the identified clusters.
The profiling step involves describing the characteristics of each cluster to explain how they
may differ on various features. Variables, which are not previously used in the clustering procedure and
usually contain information on demographics, psychographics, consumption patterns are utilised. The
emphasis is on the characteristics that differ significantly across clusters and could predict the
membership of an object belonging to a cluster. ANOVA (Analysis of Variance), MANOVA
(Multivariate Analysis of Variance), multinomial logit model or other econometric analysis could be
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employed to compare the average score profiles across clusters. As a rule of thumb, clusters should be
distinct, consistent with theory and can be explained.

3.3

Clustering methods for static data

Static data are data that their feature values neither change with time nor change negligibly. According
to how clusters are formed, clustering methods can be categorised into four types, as summarised in
Table 3.2. The most popular techniques are non-hierarchical and hierarchical.
Table 3.2 Main clustering methods for static data: rationales and algorithm examples.
Clustering methods

Rationale

Example

Clusters are represented by a cluster centre, which is
Centroid-based

not necessarily an object member to be clustered.
Data points are grouped based on how close they are

Non-hierarchical clustering

to the cluster centre.
Data points closer to each other in data space are
Connectivity-based

more similar than data points farther away. Clusters

Hierarchical clustering

are formed based on their distance.
Data points belong to the same cluster if their
Distribution-based

observed values come from the same probability
distribution, whose parameters are unknown and

Gaussian mixture models

need to be estimated.

Density-based

3.3.1

Clusters are represented by areas of higher density
within the data space as compared to other regions.

DBSCAN (Density-based
spatial clustering and
application with noise)

Non-hierarchical versus hierarchical clustering

Non-hierarchical clustering
Non-hierarchical methods aim to group observations around a centre and observation units are
organised into 𝐾 clusters, where 𝐾 is pre-selected by the researcher. The two most popular algorithms
in this category are K-Means and K-Medoids, both of which are partitional (i.e. breaking the data set up
into groups).
K-Means algorithm attempts to minimise the distance from data points to the cluster centre,
also known as centroid (which is simply the average of data points in the cluster) (MacQueen 1967).
To illustrate using formula, K-Means algorithm aims to minimise the following function:
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2
𝐽 = ∑𝐾
𝑘=1 ∑𝑥𝑖 ∈𝐶𝑘 (𝑥𝑖 − 𝜇𝑘 )

(3.4)

where 𝐽 is the total within-cluster variation, 𝐾 is the pre-specified number of clusters, 𝑥𝑖 is the data
point (object) in cluster 𝐶𝑘 , and 𝜇𝑘 is the cluster centroid (or the mean value of points included in cluster
𝐶𝑘 ). The rationale behind this formula is that each object is assigned to a cluster so that the sum of
squared distance of the observation (𝑥𝑖 ) to the assigned cluster centroid (𝜇𝑘 ) is minimum. 𝐽, measuring
the compactness of the clustering partition, should be as small as possible.
K-Means is an iterative algorithm and consists of the following steps:
Step 1: Specify the number of clusters (𝐾) to be identified.
Step 2: Select randomly 𝐾 (not actual) objects being the initial cluster centroids.
Step 3: Assign each object to the group with the closest centroid. This can be determined on the
basis of the (Euclidean) distance between the object and the centroid.
Step 4: When all objects have been assigned, calculate the new mean value of each cluster. Once
the cluster centroids are recalculated, each object is checked again if it might be closer
to a different cluster. All the objects are reassigned using the updated cluster centroids.
Step 5: Iteratively repeat Steps 3 and 4 until the algorithm converges (when the assignments no
longer change, and the centroids no longer move).
Figure 3.4 conveniently visualises the abovementioned steps. First, three cluster centroids (C1,
C2, C3) are randomly initialised. The K-Means algorithm then goes through all the data points and
depending on which cluster is closer, it assigns data points to one of the three cluster centroids (Figure
3.4a). Next, the algorithm re-calculates the averages of all the data points in a cluster and move the
cluster centroid to the new average position (Figure 3.4b). This process is repeated until there is no
further change in the cluster centroids.
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Figure 3.4 Visualisation of K-Means algorithm.
For K-Means, pre-specifying the number of clusters is a challenging task, and in practice it is
usually the case that the researcher runs K-Means algorithm on different values of 𝐾, and then chooses
the optimal 𝐾 on the basis of cluster validation measures. Elbow, silhouette and GAP statistics are the
most common methods. Elbow method depicts a line graph of the total within-cluster sum of square
over a range of 𝐾 values. This graph would typically look like an arm, and the ‘elbow’ on the arm
indicates the optimal 𝐾. This method receives a wealth of criticism for its ambiguity, and an alternative
is the average silhouette (Rousseeuw 1987). A silhouette, constructed for each data point, measures the
clustering quality for that data point. The idea is to compute the average silhouette (for the whole data
set) for varying values of 𝐾, and the optimal number of clusters is the one that maximises the average
silhouette.
Specifically, the silhouette measure (Kaufman and Rousseeuw 1990b) of data point i is
computed as:
𝑏(𝑖)−𝑎(𝑖)

𝑠(𝑖) = max {𝑎(𝑖),𝑏(𝑖)}
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(3.5)

where 𝑎(𝑖) is the average distance between i and all other data points within the same cluster. It
measures how well i is fitted into its cluster. 𝑏(𝑖) is the minimum average distance of i to all data points
of other clusters. Generally speaking, 𝑠(𝑖) lies in the range [-1, 1]. If the value of 𝑠(𝑖) is close to 1, the
heterogeneity of i’s cluster is smaller than its separation, and i is considered to be well classified. If the
value of 𝑠(𝑖) is close to -1, the heterogeneity of i’s cluster is larger than its separation, and i is
considered to be poorly classified. When 𝑠(𝑖) = 0, the point i is on the border, meaning that it is not
clear if i should have been assigned to the current or a neighbouring cluster.
The average silhouette width – the average of the 𝑠(𝑖) over the entire data set – is given by:
1

𝐴𝑆𝑊 = 𝑁 ∑𝑖 𝑠(𝑖)

(3.6)

Unlike the two above methods, GAP statistic (Tibshirani et al. 2001) is a statistical method that
has been proposed in the literature as a measure for estimating the optimal number of clusters. The main
goal is to formalise the idea of finding the elbow-type behaviour in the plot of the optimised cluster
criterion against the number of clusters (K). Say the within-cluster measure 𝑊𝐾 is the cluster criterion.
The idea is to standardise the graph of log[𝑊𝐾 ] against the number of clusters, by comparing it with its
expectation under an appropriate null reference distribution. The null distribution is the one that
produces a clearly unclustered data set. For this purpose, let 𝐸𝑁∗ denote the expectation under a sample
size of N from the reference distribution, the optimal number of clusters is the value of K that maximises
the following statistics:
𝐺𝐴𝑃𝑁 (𝐾) = 𝐸𝑁∗ {log[𝑊𝐾 ]} − log [𝑊𝐾 ]
1

2
where 𝑊𝐾 = ∑𝐾 2𝑁 ∑(𝑖,𝑗)∈ℂ𝐾 𝑑𝑖𝑗
𝐾

(3.7a)
(3.7b)

An example is given in Figure 3.5 to illustrate how to select the optimal number of clusters
using the three methods discussed so far. The K-Means algorithm is run with the number of clusters (𝐾)
varying from 2 to 10. The elbow method with the ‘elbow’ shape at 𝐾 = 4 suggests that four-cluster
solution is the best partition. The GAP statistic which is maximised at 𝐾 = 4 also suggests four-cluster
solution. The silhouette method, however, recommends three-cluster solution because the average
silhouette reaches the maximum when 𝐾 = 3.
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Figure 3.5 Illustration of elbow, silhouette and gap statistic methods.
Finally, it is worth mentioning that the cluster centre in K-Means algorithm, i.e. the centroid, is
a fictitious notion, which is just the average of data points in the cluster. However, in some applications
it is desirable to have the cluster centre to be one of the data points itself. This is where the K-Medoids
(also known as PAM – Partitioning Around Medoids) comes in the picture (Kaufman and Rousseeuw
1990a).
PAM is a clustering algorithm related to K-Means and aims to partition a data set of 𝑁 objects
into 𝐾 clusters, and each cluster is represented by one of the data points in the cluster. These
representative points are called medoids (or exemplars). The PAM method searches for 𝐾
representative objects for which the average distance of each exemplar and all the other members of the
cluster is minimal. Thus, these representative objects are considered the most centrally located point in
the cluster. PAM is proved to be less sensitive to noise and outliers than K-Means since it uses nonfictitious medoids as cluster centres instead of centroids (which are averages) (Kassambara 2017).
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Similar to K-Means, K-Medoids algorithm requires the number of clusters (𝐾) to be pre-defined.
Various approaches mentioned earlier (elbow, silhouette, and GAP statistic methods) can help to
determine the optimal number of clusters.
The procedure of the K-Medoids algorithm is as follows:
Step 1: Specify the number of clusters (𝐾) to be created.
Step 2: Select randomly 𝐾 of the 𝑁 actual data objects being the initial cluster medoids.
Step 3: Assign each object to the cluster with the closest medoid, for example based on the
(Euclidean) distance between the object and the medoid.
Step 4: For each medoid 𝑚 and each data point 𝑜 associated to that medoid, swap 𝑚 and 𝑜, and
recompute the average distance of 𝑜 to all the data points belonging to 𝑚. Select the new
medoid 𝑜 with the lowest average distance. All the objects are reassigned using the
updated cluster medoids.
Step 5: Iteratively repeat Steps 3 and 4 until there is no change in the assignments and the
medoids no longer move.

Hierarchical clustering
Hierarchical method does not require pre-selecting the number of clusters, and involves the following
steps:
Step 1: Given 𝑁 objects to be clustered, assign each object to a cluster. This results in 𝑁 clusters
from 𝑁 given objects. Let the distances between clusters be the same as the distance
between data objects inside the clusters.
Step 2: Find the closest pair of clusters and merge them into one cluster.
Step 3: Compute the distances between the new cluster and each of the old clusters.
Step 4: Repeat Steps 2 and 3 until all objects are grouped into a single cluster of size 𝑁.
This procedure demonstrates agglomerative hierarchical clustering as clusters are merged
iteratively. Divisive hierarchical clustering does the reverse process by starting with grouping all
objects into a single cluster and then repeatedly splitting them into smaller clusters. In practice, divisive
hierarchical clustering method is less common.
The result of hierarchical clustering method is a tree-based representation of the objects, known
as the dendrogram. Observations can be partitioned into groups by cutting the dendrogram at a desirable
height. An example of a dendrogram is plotted in Figure 3.6. Here, if the researcher decides to cut the
dendrogram at the height of, say 180, the clustering algorithm derives two big clusters enclosed by the
green border. If the dendrogram is cut at the height of 80, the clustering algorithm returns four clusters
represented by four red rectangles. The lower the height at which the dendrogram is cut, the larger the
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number of clusters is identified. This example clearly demonstrates the fact that selecting the optimal
number of clusters in hierarchical clustering method is somewhat subjective, and the interpretability of
cluster results should be thoughtfully considered.

100
0

50

Height

150

200

Cluster Dendrogram

Figure 3.6 Example of a dendrogram in hierarchical clustering.
hclust (*, "ward.D2")

Given an inter-object dissimilarity matrix, hierarchical clustering methods can start and at each
stage in the process merge individuals or groups of individuals formed earlier that are closest. Yet, a
challenge arises in Step 3 where the distance between an object and a group of several objects or
between two groups of objects needs to be computed. Various techniques (known as linkage schemes)
propose different ways to define this distance. Table 3.3 lists the common linkage schemes along with
their computations of the distance between the two groups. In the examples given in the last column of
Table 3.3, the blue triangles represent the data objects, the circle around them denotes the cluster that
they belong to, and the solid lines show how the distance between two clusters is calculated.
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Table 3.3 Common linkage methods for hierarchical clustering algorithm.
Linkage methods

Distance between two clusters is

Single linkage

The distance between the closest

(or nearest neighbour)

Complete linkage
(or furthest neighbour)

Average linkage

Centroid linkage

Ward’s method
(or minimum variance)

Visual illustration

members of the two clusters

The distance between the members
that are the furthest apart (most
dissimilar)

The average of all distances between
all pairs

The distance between mean vectors
(centroids)

The increase in sum of squares within
clusters

Pros and cons of non-hierarchical and hierarchical clustering techniques
For the purpose of comparison, only the most widely-used non-hierarchical algorithm, K-Means, is
mentioned in the subsequent discussion. However, many characteristics of K-Means method to be
discussed also apply for K-Medoids procedure.
It is shown that the K-Means method is more flexible and performs better with a large data set
than hierarchical methods (Everitt et al. 2011). The latter has a main disadvantage that once objects are
merged with others into a cluster, they cannot be removed from that cluster.
However, K-Means algorithm depends strongly on the starting selected centres because they
are based on iterative procedures. Thus, running the K-Means algorithm twice on the same data set with
different starting centres may result in two different solutions. The less clear the hidden data structure,
the larger the difference between two solutions. From this point of view, K-Means is an unstable
algorithm. The reason is related to the possibility of finding at each run only a local and unstable
solution rather than a global one – ‘local optima’ problem (Jain et al. 1999). Another limitation with KMeans is that the number of clusters is required in advance, which is often unrealistic (Jain et al. 1999;
Buttrey and Karo 2002).
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3.3.2

Fuzzy clustering

Hard clustering versus soft clustering
In terms of defining the cluster boundary, clustering techniques can be either hard or soft. In hard
clustering (or crisp clustering), an object belongs to one and only one cluster (Figure 3.7a). In soft
clustering (or fuzzy clustering), each object has a probability of belonging to each cluster, and thus, each
object can belong to many clusters (as shown in Figure 3.7b) with different membership degrees ranging
between 0 and 1. Points close to the cluster centre may belong to the cluster at a higher membership
degree than points near the edge of a cluster.
K-Means and K-Medoids, which are crisp clustering methods meaning that the membership
degree of an observation belonging to a cluster is one and of an observation not belonging to a cluster
is zero, can be regarded as special cases of the Fuzzy K-Means and Fuzzy K-Medoids (also known as
Fuzzy C-Means and Fuzzy C-Medoids).
Fuzzy clustering was first introduced by Bezdek (1974), Bezdek (1981) and Dunn (1973), and the
literature on fuzzy clustering has been considerably expanded thence. Fuzzy K-Means is one of the
most widely used fuzzy clustering algorithms, and its procedures are quite similar to K-Means method.

Note: each black circle represents an object, and the blue circles represent the clusters.

Figure 3.7 Hard clustering versus fuzzy clustering.
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Fuzzy K-Means
Fuzzy K-Means aims to conduct a fuzzy partition of objects into a pre-defined number of clusters.
Similar to K-Means method, Fuzzy K-Means also requires the number of clusters (𝐾) to be predetermined by the researcher. Unlike K-Means algorithm in which a data object can either wholly
belong to a cluster or not, each data object in Fuzzy K-Means may belong to many clusters according
to its membership degrees.
For a set of 𝑁 objects and 𝐾 clusters, Fuzzy K-Means algorithm attempts to minimise the
following function:
𝑁
𝑚 2
∑𝐾
𝑗=1 ∑𝑖=1 𝑢𝑖𝑗 𝑑 (𝑥𝑖 , 𝑐𝑗 )

(3.8)

where 𝑥𝑖 is the data vector; 𝑐𝑗 is the centroid of the j-th cluster; 𝑢𝑖𝑗 ≥ 0 for all 𝑖 = 1, 2, … , 𝑁; and
∑𝐾
𝑗=1 𝑢𝑖𝑗 = 1. The membership degrees 𝑢𝑖𝑗 are unknown; 𝑑(𝑥𝑖 , 𝑐𝑗 ) denotes the distance between the
data point and the cluster centre; 𝑚 is the ‘fuzzifier’ (also known as parameter of fuzziness) and affects
the final membership distribution. In the case of crisp clustering, 𝑚 = 1.
The membership degree is inversely related to the distance to the cluster, and is defined by the
following equation:
1

𝑢𝑖𝑗 =

2
𝑑(𝑥𝑖 ,𝑐𝑗 ) 𝑚−1
𝑑(𝑥𝑖 ,𝑐𝑝 )

(3.9)

∑𝐾
𝑝=1

The cluster centroid in Fuzzy K-Means method is the mean of all points weighted by their
degree of belonging to the cluster, as follows:
𝑐𝑗 =

𝑚
∑𝑁
𝑖=1 𝑢𝑖𝑗 𝑥𝑖
𝑚
∑𝑁
𝑖=1 𝑢𝑖𝑗

(3.10)

Details of the algorithm are listed in the studies by Hathaway and Bezdek (1988), Yang (1993),
and Baraldi and Blonda (1999).
The steps involved in Fuzzy K-Means method are summarised as below:
Step 1: Select the number of clusters (𝐾).
Step 2: Start with a set of cluster centroids 𝑐𝑗 (𝑗 = 1, 2, … , 𝐾).
Step 3: For all data vectors 𝑥𝑖 ( 𝑖 = 1, 2, … , 𝑁 ) and all cluster centroids 𝑐𝑗 ( 𝑗 = 1, 2, … , 𝐾 ):
calculate the distance between the data point and the cluster centroid: 𝑑(𝑥𝑖 , 𝑐𝑗 ).
Step 4: Compute the membership degree 𝑢𝑖𝑗 using equation (3.9). Note that 𝑢𝑖𝑗 ≥ 0 indicating
the degree of association of data 𝑥𝑖 with the centroid 𝑐𝑗 , and 𝑢𝑖𝑗 is reversely related to the
distance 𝑑(𝑥𝑖 , 𝑐𝑗 ) so that: if 𝑑(𝑥𝑖 , 𝑐𝑗 ) < 𝑑(𝑥𝑖 , 𝑐𝑝 ) , then 𝑢𝑖𝑗 > 𝑢𝑖𝑝 (with 𝑝 ∈
{1, … , 𝐾} and 𝑝 ≠ 𝑗).
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Step 5: Recalculate the cluster centroids 𝑐𝑗 using equation (3.10).
Step 6: Repeat Steps 3-5 until the membership degrees no longer change.

Fuzzy K-Medoids
Fuzzy K-Medoids (Krishnapuram et al. 1999; Krishnapuram et al. 2001) is another popular fuzzy
clustering algorithm. For a set of 𝑁 objects and 𝐾 clusters, Fuzzy K-Medoids algorithm attempts to
minimise the following objective function:
𝑁
𝑚 ̃2
𝐾
∑𝐾
𝑗=1 ∑𝑖=1 𝑢𝑖𝑗 𝑑 (𝑥𝑖 , 𝑐𝑗 ) ; ∑𝑗=1 𝑢𝑖𝑗 = 1 ; 𝑢𝑖𝑗 ≥ 0

(3.11)

where 𝑥𝑖 is the data vector; 𝑐𝑗 is the medoid (a representative data object) of the j-th cluster; 𝑢𝑖𝑗 is the
membership degree of the i-th object to the j-th cluster; 𝑚 is the fuzzifier. 𝑑̃ (𝑥𝑖 , 𝑐𝑗 ) denotes the distance
between the data point and the cluster medoid.
The objective function (3.11) can be solved by the means of Lagrangian multiplier method, the
solutions are as follows:
𝑢𝑖𝑗 =

1
2
𝑑(𝑥𝑖 ,𝑐𝑗 ) 𝑚−1
𝐾
∑𝑝=1
𝑑(𝑥𝑖 ,𝑐𝑝 )

(3.12)

Comparing the two widely used fuzzy clustering methods (Fuzzy K-Means and Fuzzy KMedoids), some comments can be made as below:
(i) Following Fuzzy K-Medoids, each cluster is represented by an observed exemplar object
(medoids) instead of the fictitious representative (centroids, which are simply the average) in
Fuzzy K-Means. The possibility of obtaining a non-fictitious representative offers more
appeals in the interpretation of the final cluster results (Kaufman and Rousseeuw 2009).
(ii) Fuzzy K-Medoids algorithm is usually invariant with regard to the order in which the objects
are presented. This feature does not apply to a whole host of other algorithms in the existing
literature (Kaufman and Rousseeuw 2009).
(iii) Fuzzy K-Medoids method is slightly more robust than Fuzzy K-Means and is more resistant
to the presence of noise in the data (Garcia-Escudero and Gordaliza 1999; Estivill-Castro and
Yang 2004; Kaufman and Rousseeuw 2005; García-Escudero et al. 2010). This is because a
medoid is less affected by the presence of noise or other extreme values than a centroid.
(iv) Solving equations (3.11) and (3.12) involves an exhaustive search for the medoids, which can
be computationally intensive for a large data set (Maharaj et al. 2019).
(v) Since medoids always have the membership of 1 in the cluster, raising this membership value
to the power of 𝑚 is always equal to 1. Hence, the mobility of the medoids can be lost when
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𝑚 is large. For this reason, Kamdar and Joshi (2000) suggest a value between 1 and 1.5 for
𝑚.
Advantages of fuzzy clustering
In the literature, many authors put forward different reasons for adopting fuzzy clustering approach
(D'Urso 2004; Hwang et al. 2007). Major motivations include the following:
(i)

Fuzzy clustering algorithm is a distribution-free procedure (Maharaj et al. 2019).

(ii)

The overlapping classification of fuzzy clustering seems more realistic than the deterministic
classification of hard clustering, reflecting the challenge of identifying a clear boundary
between clusters in real world applications (McBratney and Moore 1985; Wedel and
Kamakura 2012).

(iii)

Fuzzy clustering models are computationally more efficient because dramatic changes in the
value of cluster membership are less likely to occur during estimation procedures (McBratney
and Moore 1985). Additionally, fuzzy clustering is shown to be less affected by local optima
problems (Heiser and Goenen 1997; Menard and Eboueya 2002).

(iv)

The memberships for any given set of observations indicate whether there is a second-best
cluster almost as good as the best cluster – a feature that crisp clustering methods cannot
provide (Everitt et al. 2011).

(v)

Another advantage of fuzzy clustering over crisp clustering methods is that the cluster
membership proportions can be conveniently combined with other information. For example,
the memberships can serve as weights in calculating the weighted averages (Khoo-Lattimore
et al. 2019), or they can be considered as probabilities in the formula related to Bayes’ theorem
(Everitt et al. 2011).

3.4

Clustering methods for time series

3.4.1

Clustering approaches

Time series clustering aims to identify similarities in the patterns across time. Due to the expansion of
time series data across various assortments of disciplines, time series clustering attracts a growing
interest of researchers and particularly the past two decades witness a considerable number of
contributions to the topic.
Facing time series data, the researcher has two options. The first one is to divide the data set
into discrete time points, to perform the conventional clustering algorithms on the derived static data
sets, and then to compare the cluster results (see, for example, Di Lascio and Disegna 2017). Another
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approach is to perform the clustering on whole time sequences. Following the latter approach, the
extensive literature examines the clustering task for both univariate and multivariate time series.
The algebraic representation of a univariate time series is formalised as:
𝑋 = {𝑥𝑖𝑡 : 𝑖 = 1, … , 𝐼; 𝑡 = 1, … , 𝑇}

(3.13)

For multivariate time series (or multivariate time trajectories), the data usually imply a threeway structure ‘units × variables × times’, and can be arranged in a data time array as follows:
𝑋 = {𝑥𝑖𝑗𝑡 : 𝑖 = 1, … , 𝐼; 𝑗 = 1, … , 𝐽; 𝑡 = 1, … , 𝑇}

(3.14)

where 𝑖, 𝑗, and 𝑡 denote the object, quantitative variable, and time respectively. The observation 𝑥𝑖𝑗𝑡
represents the j-th quantitative variable observed for the i-th object at time 𝑡. The multivariate time
series data matrix for the i-th object is as follows:
𝑥𝑖11
⋮
𝑥
𝑋𝑖 = 𝑖1𝑡
⋮
[𝑥𝑖1𝑇

… 𝑥𝑖𝑗1
…
⋮
… 𝑥𝑖𝑗𝑡
…
⋮
… 𝑥𝑖𝑗𝑇

… 𝑥𝑖𝐽1
…
…
…
…

⋮
𝑥𝑖𝐽𝑡
⋮
𝑥𝑖𝐽𝑇 ]

(3.15)

The geometric representations of time data array for univariate and multivariate time series are
provided in Figure 3.8.
Take the case of national food consumption. A researcher who wishes to explore different food
consumption patterns around the world could exploit a univariate time series data set of the daily total
calories per person for 200 countries over the past 20 years. Here, the data matrix becomes 𝑋 = {𝑥𝑖𝑡 : 𝑖 =
1, … , 200; 𝑡 = 1, … ,20}, where 𝑖 and 𝑡 denote the country and time index respectively. Figure 3.8a
shows 200 lines in a 2D plane. Each line represents the calorie consumption for each country and the
horizontal axis shows the time (20-year period).
Otherwise, he/she could perform the same task but from the multivariate time series perspective.
In this case, the ‘units × variables × times’ structure could be ‘countries × energy supply from
macronutrients (protein, fat, carbohydrate) × years’. Algebraically, the data matrix takes the form 𝑋 =
{𝑥𝑖𝑗𝑡 : 𝑖 = 1, … , 200; 𝑗 = 1, … , 3; 𝑡 = 1, … , 20} where 𝑖, 𝑗 and 𝑡 are indices for countries, energy
sources, and time respectively. For illustration, different time series would be plotted on a 3D plane as
in Figure 3.8b and three axes represent the time (20 years), units (200 countries) and variables (3
macronutrients).
Commentaries on historical developments and taxonomy of time series clustering methods can
be found in studies by Corduas (2010), Fu (2011), Esling and Agon (2013), Liao (2005), Aghabozorgi
et al. (2015), Caiado et al. (2015), D'Urso et al. (2016), and Bagnall et al. (2017). Broadly speaking,
the clustering task of univariate and multivariate time series could be adopted by three main approaches
shown in Figure 3.9.
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Figure 3.8 Geometric representation of data array for univariate and multivariate time series.

Figure 3.9 Time series clustering approaches.
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Observation-based clustering
Following this approach, conventional clustering algorithms such as K-Means and hierarchical
clustering are applied directly on the observed time series or their transformations, and clusters are
identified via a suitable distance measure. This approach is particularly useful with short time series
(D’Urso and Vichi 1998; Coppi and D'Urso 2003; D'Urso 2004; D'Urso 2005; Coppi and D'Urso 2006;
Izakian et al. 2015).
Feature-based clustering
In this case, clustering algorithms are performed on suitable features derived from the original time
series. Several features have been selected and can be categorised into:
•

Time domain features including autocorrelation function (Alonso and Maharaj 2006; D'Urso
and Maharaj 2009), inverse autocorrelation function (Caiado et al. 2006), quantile
autocovariance function (Lafuente-Rego and Vilar 2016; Vilar et al. 2018);

•

Frequency domain features such as periodogram (Caiado et al. 2009), coherence (Maharaj and
D'Urso 2010), and cepstral (Maharaj and D'Urso 2011);

•

Wavelet features (Wang et al. 2008a).

Model-based clustering
This approach assumes that time series generated from the same underlying statistical model exhibit
similar patterns. Clustering algorithms are performed on the parameter estimates or on the residuals of
the fitted models. Several models have been considered in the extensive literature, including:
•

ARMA and ARIMA (Maharaj 1996; Kalpakis et al. 2001; D’Urso et al. 2013);

•

GARCH (Caiado and Crato 2010; D'Urso et al. 2013; D'Urso et al. 2016);

•

Extreme values (D'Urso et al. 2017);

•

Kernel (Mikalsen et al. 2018);

•

Tail dependence and copulas (De Luca and Zuccolotto 2011; Di Lascio and Giannerini 2012;
Durante et al. 2014, 2015; De Luca and Zuccolotto 2017; Di Lascio and Disegna 2017; Zhang
and An 2018).

3.4.2

Fuzzy approach in time series clustering

In time series clustering literature, growing attention has been paid to fuzzy clustering approach. Not
only does it inherit the advantages of fuzzy clustering for static data, but it also captures the drifting or
switching nature of time series (D'Urso et al. 2018). To illustrate this switching nature, a multivariate
69

time series could have a dynamic pattern consistent with a cluster for a certain time period, and then a
completely different dynamic pattern which is more similar to another cluster in the following time
period.
Besides, D'Urso (2005) indicates another motivation for using fuzzy approach for time series
data, which is greater adaptability in defining the prototype time series. A ‘prototype’ is the object
whose characteristics are exemplar of its cluster. Regarding static data, the prototype can simply be the
centroid. The notion of a centroid multivariate time series is more complicated to comprehend and to
compute. The fuzzy approach is more powerful when the observed time series do not show too much
different patterns from each other. In this case, the fuzzy approach allows the possibility to single out
the underlying structures, if these are likely to exist in the given set of time series. These motivations
are justified in the studies by Coppi and D'Urso (2003), D'Urso (2004), D'Urso and Maharaj (2009),
Maharaj and D'Urso (2010, 2011), and D'Urso et al. (2016).

3.4.3

Dissimilarity/distance measures

In the case of time series clustering, the dissimilarity concept is more complicated due to the dynamic
nature of time dependent data. Conventional dissimilarity measures often fail to address the
interdependence relationship between values, thus are not adequately effective (Montero and Vilar 2014;
Di Lascio and Disegna 2017). Realising this shortcoming, earlier researchers have proposed different
approaches to define an appropriate dissimilarity measure between time series. Following Montero and
Vilar (2014), the distance measures in time series clustering methods can be classified into four classes:
feature-based, model-based, complexity-based, and prediction-based. Table 3.4 compares these four
types of distance measures.
Even though there are previous attempts to compare existing dissimilarity measures (see, for
instance, Keogh and Kasetty 2003; Pertega and Vilar 2010), the most appropriate measure should be
chosen according to the nature of the clustering and the specific purpose of the grouping (Montero and
Vilar 2014). This is to ensure the cluster solution to be meaningfully interpreted in terms of the grouping
target.
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Table 3.4 Four types of distance measures in time series clustering.
Distance measures

Rationales

Studies

Advantages
• Allows dimensionality

Compares
Feature-based

serial

features

Galeano and Peña

reduction

extracted from the original time

(2000), Caiado et al.

• Features can be

series

(2006)

obtained in a
straightforward manner
• Can detect clusters of

Assumes that time series are
generated by specific underlying
Model-based

models

and

dissimilarity

evaluates
between

the
fitted

Piccolo (1990),
Maharaj (1996)

scaling

Compares

the

levels

of

complexity of time series

their forecasts for a specific
future time are close

3.4.4

Keogh et al. (2007),
Batista et al. (2011)

Two time series are similar if
Prediction-based

• Cluster results are
independent of variable

models

Complexity-based

different sizes

Assesses the level of
shared information
between time series
More practical if the real

Alonso et al. (2006),

interest of clustering lies

Vilar et al. (2010)

in the properties of
predictions

Dynamic Time Warping distance

Dynamic Time Warping (DTW) algorithm was first proposed in 1970 in the context of voice
recognition (Velichko and Zagoruyko 1970) but has been increasingly employed in time series
clustering context as a more suitable alternative to the traditional Euclidean distance (Izakian et al.
2015). Given two time series, the DTW locally stretches or compresses them to make one resemble the
other as much as possible (Berndt and Clifford 1994). After stretching, the distance between the two
series is calculated by summing the distances of individual aligned elements.
Following this rationale, the function that allows to remap each time series needs to be specified.
This function is called warping function and aims to realign the time indices of the time series.
Given a ‘query’ (or test) series 𝑋 = (𝑥1 , 𝑥2 , … , 𝑥𝑄 ) and a ‘reference’ series 𝑌 = (𝑦1 , 𝑦2 , … , 𝑦𝑆 ),
with length 𝑄 𝑎𝑛𝑑 𝑆 respectively, the total distance between the two time series is computed by the
‘warping path’. The warping path allows to compare each element in 𝑋 with the closest element in 𝑌,
and is defined as:
𝑙 = 1, 2, … , 𝐿
𝜙
𝜙(𝑙) = (𝜙𝑥 (𝑙), 𝜙𝑦 (𝑙)) with { 𝑥 (𝑙) ∈ {1, … , 𝑄}
𝜙𝑦 (𝑙) ∈ {1, … , 𝑆}
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(3.16)

under two constraints:
(i)

Boundary condition: 𝜙(1) = (1, 1) and 𝜙(𝐿) = (𝑄, 𝑆);

(ii) Monotonicity condition: 𝜙𝑥 (1) ≤ ⋯ ≤ 𝜙𝑥 (𝑙) ≤ ⋯ ≤ 𝜙𝑥 (𝐿) ,
and 𝜙𝑦 (1) ≤ ⋯ ≤ 𝜙𝑦 (𝑙) ≤ ⋯ ≤ 𝜙𝑦 (𝐿).
The warping functions 𝜙𝑥 and 𝜙𝑦 remap the time indices of 𝑋 and 𝑌 respectively. Given 𝜙, the
average accumulated distortion between the two warped time series is computed as:
𝑑𝜙 (𝑋, 𝑌) = ∑𝐿𝑙=1 𝑑(𝜙𝑥 (𝑙), 𝜙𝑦 (𝑙))𝑚𝜙 (𝑙)/𝑀𝜙

(3.17)

where 𝑚𝜙 (𝑙) is a per-step weighting coefficient, 𝑀𝜙 is the corresponding normalisation constant
which ensures that the accumulated distortions are comparable along different paths, and 𝑑(. , . ) is
usually the Euclidean distance (Giorgino 2009). As there are multiple warping paths, the DTW
algorithm seeks to find the optimal warping function 𝜙̂(𝑙) = (𝜙̂𝑥 (𝑙), 𝜙̂𝑦 (𝑙)) , (𝑙 = 1, … , 𝐿) such that:
𝐷(𝑋, 𝑌) = min 𝑑𝜙 (𝑋, 𝑌)
𝜙

(3.18)

Or in other words, the equation (3.18) shows that one should pick the deformation of the time
indices of X and Y which brings the two series as close to each other as possible. The distance 𝐷(𝑋, 𝑌)
in equation (3.18) is the DTW distance, or the ‘minimal global dissimilarity’. A simple example is given
in Figure 3.10 to illustrate the idea of aligning two time series. A query series S is represented by the
black solid line (left axis), a reference series T is represented by the red dashed line (right axis), and the
blue dashed line shows the mapping between points of time series T and S.
DTW distance has been extensively used to compare the (dis)similarity between time series
thanks to its various benefits over the traditional distance like Euclidean distance. Many of the
advantages, which are mentioned by D’Urso et al. (2019a), are indicated subsequently. First, DTW
distance preserves the time ordering of the sequence (due to the monotonicity condition in constructing
the warping path), thus DTW distance goes beyond the instantaneous features of time series by
incorporating both the instantaneous and variational characteristics of time trajectories. In this regard,
not only the instantaneous position (i.e. the levels) of the time trajectories is considered, but also the
varying rates at which the phenomena change over time. Second, DTW distance can be computed for
time series of different lengths – a feature that Euclidean distance is not capable of (Wang et al. 2019).
Third, no assumptions are required regarding the data distribution (for example, stationary or nonstationary), hence DTW distance can be directly calculated for raw data. Next, DTW distance compares
time series based on a many-to-one (and vice versa) instead of a one-to-one manner adopted by
Euclidean distance (Giorgino 2009). Finally, DTW distance can recognise time series of the same
shapes even after they are transformed by shifting or scaling (Cassisi et al. 2012). This feature is
illustrated in Figure 3.10: the warping paths harmoniously indicate time series S with the shape akin to
that of the series T but being shifted to the right. Despite all these flexibilities, DTW is more
72

computationally demanding than Euclidean distance. In general, DTW distance is often combined with
K-Medoids, fuzzy K-Medoids and hierarchical methods in time series clustering (see, for instance,
Izakian et al. 2015; D'Urso et al. 2018; Lee et al. 2018; Liu et al. 2018; D’Urso et al. 2019a; D’Urso et
al. 2019b).

Figure 3.10 Aligning two time series.

3.4.5

Copula theory

For random variables 𝑋 and 𝑌 with continuous marginal cumulative distribution functions 𝐹𝑋 (𝑥) and
𝐹𝑌 (𝑦) respectively, let the joint cumulative distribution function be denoted by 𝐹(𝑥, 𝑦) . Copula
function is closely related to Sklar’s theorem (Sklar 1959), according to which there is a unique copula
function 𝐶(𝑢, 𝑣) that connects 𝐹(𝑥, 𝑦) with 𝐹𝑋 (𝑥) and 𝐹𝑌 (𝑦) as:
𝐹(𝑥, 𝑦) = 𝐶(𝐹𝑋 (𝑥), 𝐹𝑌 (𝑦))
or equivalently 𝐶(𝑢, 𝑣) = 𝐹(𝐹𝑋−1 (𝑢), 𝐹𝑌−1 (𝑣))

(3.19a)
(3.19b)

The copula function 𝐶(𝑢, 𝑣) is therefore said to be able to capture the dependence structure between
the random variables 𝑋 and 𝑌.
In the multivariate context, the Sklar’s theorem states that every joint distribution function 𝐹(. )
can be expressed in terms of 𝐾 marginal distribution function 𝐹𝑘 and the copula function 𝐶 as:
𝐹(𝑥1 , … , 𝑥𝑘 , … , 𝑥𝐾 ) = 𝐶(𝐹1 (𝑥1 ), … , 𝐹𝑘 (𝑥𝑘 ), … , 𝐹𝐾 (𝑥𝐾 ))
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(3.20)

for all (𝑥1 , … , 𝑥𝑘 , … , 𝑥𝐾 ) ∈ 𝑅̅ 𝐾 , with 𝑅̅ denoting the extended real line. Equation (3.16) suggests that
any joint probability function 𝑓(. ) can be split into the margins and the copula, and that the copula
represents the structure of association between random variables. Because of this unique feature, the
copula has been widely adopted in various disciplines to capture the dynamic patterns of time series.
There is a vast and growing literature on copulas that explores the dependence structure between
different financial markets (Bedoui et al. 2019), the co-movements among stock prices (Fenech and
Vosgha 2019; Xiao 2020) or the cross-market transmission of shocks in finance (Jin et al. 2020; Yang
et al. 2020). In food economics, copulas have been adopted to investigate the co-movements of crop
price during extreme market circumstances (Zimmer 2016) and to study the risk spill-overs between
energy and agricultural commodity markets (Ji et al. 2018; Adhikari and Putnam 2020). At the micro
level, copula-based decomposition methods are used to assess the determinants of nutrition transition
in Vietnam regarding the consumption of macronutrients (Trinh Thi et al. 2018b).
Traditionally, the concept of dependence and co-movement is often quantified by a measure of
correlation coefficient (often Pearson correlation). However, the Pearson correlation coefficient is only
an indication of linear association and this method is inadequate in capturing non-linear dependence
structures (Di Lascio and Disegna 2017). Furthermore, the traditional correlation coefficient relies on a
stringent assumption that the joint distribution of two variables is multivariate normal, whilst this
assumption can violate in practice, for example when assessing the association between financial asset
returns which tend to have fat-tailed and skewed distributions (Adhikari and Putnam 2020). Another
limitation of the traditional correlation coefficient is that zero correlation does not imply independence
(Di Lascio and Giannerini 2012). For two random variables 𝑋 and 𝑌, zero correlation only means null
covariance 𝑐𝑜𝑣[𝑋, 𝑌] = 0, whilst the condition 𝑐𝑜𝑣[𝜑1 (𝑋), 𝜑2 (𝑌)] = 0 for any functions 𝜑1 (. ) and
𝜑2 (. ) is needed for a conclusion of zero dependence. Copulas on the other hand offer a flexible and
more robust measure of dependence and permit asymmetric or non-linear dependences. In addition,
copulas are not affected by strict monotonic transformations (logarithmic and exponential) while the
traditional correlation coefficient is not invariant under such transformations (Durante and Sempi 2016).
The invariance property means that the random variables and their logarithms have the same copula.
Some copulas play a major role in measuring the co-movement or dependence between random
variables: the Fréchet-Hoeffding copula bounds. For any copula 𝐶(𝑢, 𝑣), the following bounds hold:
𝑊(𝑢, 𝑣) ≤ 𝐶(𝑢, 𝑣) ≤ 𝑀(𝑢, 𝑣)

(3.21)

where 𝑊(𝑢, 𝑣) = 𝑚𝑎𝑥{𝑢 + 𝑣 − 1, 0} and 𝑀(𝑢, 𝑣) = min {𝑢, 𝑣} are the lower and upper bound
respectively, and these bounds correspond to the cases of extreme dependency. Specifically, the
Fréchet-Hoeffding upper bound 𝑀 is the co-monotonic copula and corresponds to the perfect positive
dependence (‘co-monotonicity’), whereas the lower bound 𝑊 is the counter-monotonic copula and
corresponds to the perfect negative dependence (‘counter-comonotonicity’).
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In time series analysis, clustering methods have been employed to identify similarities among
time series and can be either dissimilarity-based or model-based. Methods in the former category
classify time series in the same cluster on the basis of (dis)similarity which is usually reported in a
dissimilarity matrix and computed by a proper dissimilarity measure. A conventional dissimilarity
measure is derived from the (Pearson) correlation coefficient. The main idea is to consider a sort of
correlation coefficient between time series so that high positive correlation may be translated into some
degree of similarity between the time series under consideration. However, this approach is subject to
several abovementioned shortcomings of using the linear correlation coefficient as a dependence
measure. Hence, there is a growing body of research that supports the application of a more meaningful
dependence measure – the copula function (Durante et al. 2014; Disegna et al. 2017; Zhang and An
2018).
Following the copula-based framework, the dissimilarity matrix depends on the copula 𝐶𝑖𝑗
associated with two time series 𝑥𝑖 and 𝑥𝑗 . If two time series are perfectly positively dependent, or comonotonic, 𝐶𝑖𝑗 = 𝑀 where 𝑀 is the comonotonic copula (Equation 3.21) and the dissimilarity measure
between 𝑥𝑖 and 𝑥𝑗 should be zero. Otherwise, the dissimilarity between two time series can be
interpreted as the departure from the co-monotonic copula as follows: ‖𝐶𝑖𝑗 − 𝑀‖ where ‖. ‖ is a
suitable norm. Once the dissimilarity matrix is obtained, a conventional clustering algorithm (for
example, hierarchical clustering, K-Means, K-Medoids or the fuzzy variants) can be performed to
identify the final clusters.
Unlike dissimilarity-based methods, model-based clustering techniques assume that each time
series is generated by a specific underlying model or a mixture of underlying probability distributions.
Time series are grouped together when the underlying models characterising them are similar. Various
models have been adopted in the literature, including copulas (Di Lascio and Giannerini 2012; Di Lascio
and Disegna 2017). Let 𝑋𝑖 = (𝑋𝑖1 , … , 𝑋𝑖𝑇𝑖 )𝑇 be the i-th time series (1 ≤ 𝑖 ≤ 𝑛) where 𝑇𝑖 is its length
and 𝑛 is the number of time series. Model-based clustering approach assumes that these time series are
drawn from 𝐾 clusters and the time series in each cluster share a common dependence pattern. For a
positive integer 𝑙, (𝑋𝑖𝑡 , 𝑋𝑖(𝑡+𝑙) ) and (𝑋𝑗𝑡 , 𝑋𝑗(𝑡+𝑙) ) have the same copula function if two time series 𝑋𝑖
and 𝑋𝑗 belong to the same cluster.

3.5

Spatial clustering

Cluster analysis aims to discover patterns in data by organising a set of 𝑁 objects into 𝐾 disjoint
unknown clusters. However, in some cases, there is additional information about the types of clusters
that are sought in the data and it is therefore relevant to impose constraints on the set of allowable
solutions. This is usually referred as constrained clustering, where the membership of clusters is
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determined partly by external information (Everitt et al. 2011). A common type of constraints is
contiguity constraint (in space). In this regard, objects in a cluster are not only similar to each other, but
also required to be contiguous objects. To give an example, clustering technique can be applied to study
the incidence of an infectious disease among municipalities within a country and the administrative
boundaries between municipalities are used as the spatial contiguity constraint. The clustering results
can help to uncover groups of counties which might correspond to disease ‘hot spots’ or ‘cold spots’.
Unless the clustering method is explicitly spatial, the geographic relevance might not be sufficiently
accounted for (Grubesic et al. 2014).
With spatial constraints, one can be either strict or non-strict in clustering procedures. Strict
procedures put objects, which are though very similar, into different clusters if they are spatially apart.
A commonly used method involves the concept of contiguity matrix 𝐶 which is an 𝑁 × 𝑁 matrix,
consisting of elements 𝑐𝑖𝑗 that 𝑐𝑖𝑗 = 1 if objects i and j are contiguous, otherwise 𝑐𝑖𝑗 = 0. Hierarchical
and non-hierarchical methods can be modified to take this constraint into account, allowing only
contiguous objects to be clustered together (Murtagh 1985; Gordon 1996). On the other hand, clustering
procedures are non-strict when the constraints are not necessarily neighbourhood. An example of a nonstrict method considers a modified dissimilarity matrix which combines the dissimilarity matrix of
geographical distances and dissimilarity matrix from non-geographical variables with different weights
(Jain and Farrokhnia 1991; Coppi et al. 2010; D’Urso et al. 2019a).
Clustering with spatial constraints is also useful for finding homogeneous groups in spatial
units – data that have a spatial component ranging from explicit geographical locations to implicit
spatial neighbourhood relations such as topological, socio-economic proximity and direction relations
(Bindiya et al. 2013). Several clustering models for spatial data have been proposed in the literature
and in essence these methods take into account two distinguishing characteristics of spatial data: spatial
dependence and spatial heterogeneity (Anselin 2013). The former refers to the existence of a functional
relationship between what happens at one point in space and what happens elsewhere, whereas the latter
refers to variation in this relationship over space (LeSage 1998; LeSage and Pace 2009). In addition,
spatial data are often characterised by positive spatial autocorrelation, meaning neighbouring units tend
to have similar features (Gordon 1996).
Following Fouedjio (2016), existing approaches can be grouped into four classes:
(i) Non-spatial clustering with geographical coordinates as additional variables;
(ii) Non-spatial clustering with a spatial dissimilarity measure (Oliver and Webster 1989);
(iii) Spatially constrained clustering (Pawitan and Huang 2003);
(iv) Model-based clustering (Ambroise et al. 1997).
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3.6

Space-time clustering

As an extension of spatial clustering, space-time clustering technique involves classifying spatial units
into clusters based on a set of quantitative features observed at several time occasions. To this aim, a
three-way data array characterising ‘same objects (spatial units) × same quantitative variables ×
different times’ can be algebraically formalised as follows:
𝑋 = {𝑥𝑖𝑗𝑡 : 𝑖 = 1, … , 𝐼; 𝑗 = 1, … , 𝐽; 𝑡 = 1, … , 𝑇}

(3.22)

where 𝑖, 𝑗, and 𝑡 indicate the spatial unit, the quantitative variable, and the time respectively; 𝑥𝑖𝑗𝑡
represents the j-th variable observed on the i-th spatial unit at time 𝑡. Such a three-way data array is
usually known as the spatial-time array and can be illustrated geometrically on a three-dimensional
space or sliced into different bi-dimensional matrices as in Figure 3.11. The bi-dimensional matrices
are given by:
𝑋𝑖 = {𝑥𝑖𝑗𝑡 : 𝑗 = 1, … 𝐽; 𝑡 = 1, … 𝑇}

(‘space’ slice)

(3.23a)

𝑋𝑗 = {𝑥𝑖𝑗𝑡 : 𝑖 = 1, … 𝐼; 𝑡 = 1, … 𝑇}

(‘variable’ slice)

(3.23b)

𝑋𝑡 = {𝑥𝑖𝑗𝑡 : 𝑖 = 1, … 𝐼; 𝑗 = 1, … 𝐽}

(‘time’ slice)

(3.23c)

Figure 3.11 Representations of the spatial-time array.
The example of national food consumption again provides a good illustration. The researcher
could explore the similarities in the evolution of total calorie intakes over time in the space-time
clustering framework. The three-way data array can be arranged as ‘countries × calorie intake × years’.
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Algebraically, the data matrix takes the form 𝑋 = {𝑥𝑖𝑗𝑡 : 𝑖 = 1, … , 200; 𝑗 = 1; 𝑡 = 1, … , 20} where 𝑖, 𝑗
and 𝑡 are indices for countries, caloric consumption, and time respectively. The form of the data matrix
𝑋 looks identical to that from the time series clustering approach, however the 𝑖 units here are spatial
units which are related to each other by some kinds of geographical, economic, social, cultural, or
institutional proximity.
Realising the complexity of space-time data, Coppi et al. (2010) advocate three main important
considerations associated with space-time clustering: (i) the spatial nature of the objects, (ii) the
characteristics of the multivariate time trajectories, (iii) the uncertainty of assigning a spatial unit to a
specific cluster. The first two issues originate from the high dimensional aspect of space-time data and
require to not only incorporate the spatial information into the clustering procedure but also define a
suitable dissimilarity measure between time trajectories. The last issue can be resolved by the
application of fuzzy clustering technique, which allows a certain degree of flexibility in assigning the
spatial units to clusters.
In order to tackle the high-dimensional nature of spatial-temporal data set, data reduction
techniques can first be employed and traditional clustering algorithms can then be applied on a twomode matrix. There are several streams in the literature favouring this reduction approach.
Krishnapuram and Freg (1992) and Shekhar et al. (2015) propose to add a new column containing the
relationships between time and space to the traditional two-mode matrix. Athanasopoulos et al. (2009)
introduce a hierarchical time series clustering method where the clustering task is performed at different
spatial levels. Nonetheless, data reduction can lead to information loss, highlighting the need to develop
ad-hoc clusteirng techniques which simultaneously incorporate spatial and temporal information.
In the same spirit as Disegna et al. (2017), existing space-time clustering techniques can be
classified into four categories:
(i)

Non-spatial time series clustering with a spatial dissimilarity measure (Izakian et al. 2013)

(ii) Time series clustering with spatial contiguity constraints (Hu and Sung 2006; Coppi et al.
2010; Qin et al. 2011; D’Urso et al. 2019a; D’Urso et al. 2019c);
(iii) Density-based clustering (Ester et al. 1996; Wang et al. 2016; Cheng et al. 2018);
(iv) Model-based clustering (Basford and McLachlan 1985; Viroli 2011; Torabi 2016; Disegna
et al. 2017; Paci and Finazzi 2018).

3.7

Cluster analysis in food economics

The application of cluster analysis spans over a wide range of disciplines, and food economics is no
exception. Traditionally, cluster analysis proves its usefulness for policymaking purposes. To illustrate,
agriculture is a fundamental instrument for economic development and poverty reduction in many
countries; however, the way agriculture works for development varies across countries depending on
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how they rely on agriculture as a source of economic growth. Designing policies most suited to each
country’s economic conditions is hence crucial to best implement agriculture-for-development agendas.
Based on the contribution of agriculture to growth and the importance of rural poverty, the World Bank
classifies developing countries as agriculture-based, transforming, or urbanised (World Bank 2007).
This typology of countries provides a useful framework to formulate policy guidance. In agriculturebased economies where agriculture contributes significantly to growth, the key policy challenge is how
to help agriculture play its role of the lead sector for overall growth. In transforming economies, as
agriculture is no longer the major generator for economic development, growth in rural nonfarm
economy is needed to eradicate rural poverty. In urbanised economies, agriculture, contributing only a
little to growth, can help to reduce the rural poverty by including the rural poor as producers and by
creating jobs for them.
There are earlier efforts in which identifying a number of country groups can provide some
guidance about potential policies to address food and nutrition security. By categorising 167 countries
into twelve distinct clusters on the basis of food security measures, Díaz-Bonilla et al. (2000) conclude
that the WTO’s classification of countries into developed, developing, least developed and net food
importing developing does not adequately capture food security concerns. While the majority of least
developed countries are food insecure, some food insecure countries do not belong to the least
developed category. Also, ‘developing countries’ is not a useful label in terms of food security as these
countries are scattered among all categories of food security. Recently, in a similar study 152 countries
are classified into ten groups based on their food security profiles (Díaz-Bonilla and Thomas 2015).
The authors demonstrate how cluster analysis helps to create typologies of food (in)security conditions
and argue that the results depend on the variables selected.
In food economics, cluster analysis has been a useful tool to classify individuals/countries based
on the homogeneity of their food consumption patterns. A summary of related studies is provided in
Table 3.5. Although identifying population subgroups that share similar dietary patterns is not a new
practice, the main focus has been placed on developed countries and the European Union (EU).
As put by Petrovici et al. (2005), the concept of dietary patterns comprises two underlying
dimensions: nutrient intake (for instance the per capita daily supply of calories, protein, fat) and food
consumption (the calorie consumption from specific foods such as cereals, meat, milk, vegetables, and
fruits). For policymaking purposes, forming clusters based on the consumption of food groups is a better
choice since individuals choose to consume (combinations of) foods, not nutrients (Coulston et al.
2017). This can explain why nearly all studies in Table 3.5 employ food groups as clustering variables.
In order to quantify food consumption, dietary intake data are needed, and they can be derived
from food consumption surveys at national, household and individual level or similar dietary
assessment methods. Further details on different sources of dietary data are described in Section 4.3.4
(Chapter 4). Among these various methods, the Food Balance Sheet (FBS) compiled by the Food and
Agriculture Organisation of the United Nations (FAO) is a widely used source of dietary data measuring
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‘apparent food consumption’ at national level. Despite some limitations of the FBS especially that it
estimates food available for consumption rather than food consumption per se, the FBS is a costeffective and standardised source of dietary data well suited for longitudinal comparison within and
between countries (FAO 2018; Vilarnau et al. 2019). Thanks to this advantage, the FBS is preferred
particularly when looking into dietary patterns among two or more countries. Having said that, a large
number of studies in Table 3.5 rely on information on food consumption from surveys of household
consumption or expenditure. Depending on the survey type (income/expenditure/budget survey or
specialised food consumption survey), household surveys collect data on the quantities of foods
available to, acquired or consumed by a representative sample of households from the population (FAO
2018). Although data for a given country from both the FBS and household survey refer to food
availability, the former implies the total quantities of foods from both household and non-household
sectors (for example restaurants, street food vendors, hospitals, etc) while the latter is only restricted to
what flowing into the household sector (FAO 2020b). Also, the survey designs are not standardised but
differ in key characteristics even within the same type of survey, both across countries and within
countries over time (Zezza et al. 2017; Russell et al. 2018). Thus, “for the purpose of assessing the food
availability or consumption of the population as a whole, it appears that the FBS is a more appropriate
source than those of the household survey” (FAO 2020b).
Next, it is worth noting that food consumption data are usually high-dimensional, reflecting the
plentiful food commodities as well as the multiple food groups making up the whole diet. One approach
to deal with this type of data is to employ principal component analysis or factor analysis, and then run
clustering algorithms on the derived components or factor scores. Almost half of the studies listed in
Table 3.5 pursue this dimension reduction technique. Nevertheless, Chen and Hsu (1999) point out two
main disadvantages of using factor scores instead of all variables for segmenting task, which are also
applicable for clustering purpose. First, results of factor analysis might change if a different rotation
method is used. Second, the original variables are more easily interpretable than the derived components
with factor labels since the naming and interpretation of the components can involve personal
judgements.
With regard to clustering methods, the 7th column of Table 3.5 lists the various methods
employed by previous studies organised in chronological order. In the beginning, traditional clustering
techniques for static data, such as hierarchical clustering and K-Means, are the most popular methods.
Later on, it seems to be a common practice to combine both techniques in a two-step procedure: first a
hierarchical cluster analysis gives an idea of an appropriate number of clusters and based on this
information a non-hierarchical K-Means algorithm is then applied to define the clusters. Over the past
decade, more advanced methods are adopted, particularly model-based clustering techniques such as
finite mixture model, latent class analysis, or copula-based model. Among the previous literature, the
study that is most methodologically aligned with this research is the study by Di Lascio and Disegna
(2017), which also employs copula functions. Nevertheless, their study examines the diets of EU
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countries whereas this research widens the scope to investigate global diets. Even more, their study
applies the copula-based clustering algorithm on discrete time periods (the first and last year of the
period under examination) whereas this research aims to perform the clustering task on time series as a
whole sequence. In doing so, the similarities among time series are interpreted in terms of their comovements, which could be detected by a copula function. In principle, time series should be grouped
together if they are positively concordant, or in other words large (small) values of one series at a given
time tends to be associated with large (small) values of the other series at the same time.
The last column of Table 3.5 summarises key results from the previous studies. Albeit
differences in the scope of study as well as the clustering method employed, these findings are shaped
around two main themes. First, there is an increasingly similar dietary composition across countries
particularly those belonging to the OECD or the EU. Across national borders, previous studies
document clusters of countries that are close to each other both geographically and culturally: Northern
Europe, Southern Europe, and the Balkans to name a few. This implies the existence of a common
dietary structure in these regions making the ‘Scandinavian diet’, the ‘Southern European diet’, or the
‘Balkan diet’. Nonetheless, the consumption level of single food items varies across countries in the
same cluster. Thus, the label like ‘Balkan diet’ better describes an overall tendency rather than dictates
rigid rules for a norm of diet. Within countries over time, clusters of populations with similar food
consumption patterns exhibit an increase in total calorie availability, a rise in energy contribution from
fats but a reduction in the energy proportion from carbohydrates – all of which represent different
manifestations of the nutrition transition (Balanza et al. 2007).
Second, in many studies the application of cluster analysis helps to identify different subgroups
in the population that are characterised by healthy versus unhealthy consumption patterns. Interestingly,
there is evidence for switching behaviours, meaning that some segments of the population move to a
(un)healthier cluster over time (Walthouwer et al. 2014; Di Lascio and Disegna 2017). Often, the
consumption patterns and dietary healthiness are profiled in relation with socio-economic variables (say
income, gender, marital status, family size, rural-urban residence, and education attainment). For
example, Chinese consumers with food consumption behaviour towards a ‘Western’ diet tend to be
richer, more highly educated and living in urban areas, whereas the traditional diet is associated with
those living in rural areas and earning medium income (Zhang et al. 2008). From the viewpoint of
healthiness, Casini et al. (2013) report that among young Italians those who want convenience are most
likely to consume nutritionally poor diets due to the frequent recourse to ‘easy-to-prepare’ and ‘readyto-use’ products. Furthermore, some authors attempt to make a connection between cluster’s socioeconomic characteristics and health status. Take overweight and obesity as an example. Zhang et al.
(2008) conclude that higher BMI is found among urban consumers who have higher education
attainment and higher socio-economic status. Although the clusters are established on the basis of food
consumption patterns, the fact that their characteristics are so reflective of the nutrition transition
framework highlights the merits of cluster analysis. It is possible to identify clusters with different levels
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of overweight and obesity by focusing solely on the consumption of various food groups. In spite of the
manifold and complex factors associated with overweight and obesity, its dietary origin is obvious.
Overall, the findings summarised in Table 3.5 show that cluster analysis has long played an
important role in understanding food consumption behaviours by dividing a set of countries, households,
or individuals into groups that are meaningful and useful. Depending on the clustering variables,
countries, households, or individuals within each group share common characteristics regarding various
aspects of diets (for instance the quantities of food categories, food composition, or their evolution over
time). However, in most cases, cluster analysis is only the starting point for further analysis, such as the
examination of dietary patterns in relation to different socio-economic variables as well as health status.
After reviewing the existing literature, it is evident that despite the validity of cluster analysis
in food economics there are a number of literature gaps which call for further investigation.
First, time series data related to food intake/dietary patterns are abundant, and previous
researchers have attempted to make use of this type of data to explain the evolution of dietary patterns.
Yet, either time series are merged into one large set of static data (see, for example, Blandford 1984;
Staudigel and Schröck 2015; Sadowski 2019), or clustering algorithms are applied on discrete time
periods and clustering results are compared between a baseline and a follow-up period (usually the first
and last year) (for instance, Gil et al. 1995; Di Lascio and Disegna 2017). In both cases, the clustering
task is not performed on the whole set of time sequences and the time dependent nature of the data is
not appropriately addressed.
Second, previous studies extensively employ crisp clustering methods in which countries,
households or individuals are grouped into non-overlapping clusters while scant attention is paid to
fuzzy clustering which enables the possibility of overlapping clusters. In fact, fuzzy clustering is an
attractive method offering considerable appeals to food/diet-related research. Allowing a country to
simultaneously belong to more than one cluster with a membership proportion between 0 (absolutely
does not belong) and 1 (absolutely belongs), fuzzy clustering facilitates the idea that multiple diets
coexist within a single country. While geographical locations, weather conditions, religion and other
cultural factors help to shape the so-called ‘Chinese cuisine’ distinctive from a typical meal in the USA,
globalisation makes it possible to find McDonald’s burgers across China or vice versa Chinese
takeaways across the USA. Even within a country say China, the cuisine is so diverse that cooking
styles, ingredients and flavours vary from region to region (Zhang and Ma 2020). That is not to mention
the difference between diets of the poor and diets of the rich within each local municipality. Therefore,
a diet observed in any country can be best considered as the ‘average’ approximation of several existing
dietary patterns in the country. In that case, fuzzy clustering is able to disentangle the diet in China into
say 90% of traditional eating patterns and 10% of Western-oriented food styles.
On the other hand, fuzzy clustering can deal with the uncertainty of assigning a time series into
a specific cluster which was discussed in Section 3.4.2 when a unit (say a country) switches to a different
cluster over time. Such a situation occurs if a time series exhibits a dynamic pattern consistent with a
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cluster for a certain time period and then a completely different dynamic pattern which is more similar
to another cluster in the following time period. Indeed, the food economics literature documents the
tendency that individuals/countries change to a (un)healthier cluster over time (Walthouwer et al. 2014;
Di Lascio and Disegna 2017). Hence, the utilisation of membership degree between 0 and 1 would
avoid the arbitrariness of assigning a unit (say a country) to only one cluster when it may be ‘close’ to
several.
Third, the identified clusters on the basis of their food consumption patterns are often
investigated in relation with income, overweight/obesity prevalence or other socio-economic
characteristics (Zhang et al, 2008; Petrovici, 2005). Nonetheless, this is done as a post-cluster analysis.
On the other hand, income and obesity prevalence can be considered as additional information, and
hence can be incorporated in the clustering procedure as ‘spatial’ information constraining the defined
clusters to be distinguished in ‘space’. Importantly, the ‘space’ here is more than geography. The
configuration of the spatial information is further explored in Section 7.2 (Chapter 7). To the best of
the author’s knowledge, space-time clustering algorithm has not been applied in the earlier food
economics literature.
Acknowledging the above literature gaps, this research extends the previous literature in several
ways. This is the first study using global data from the FAO to examine the convergence and similarity
among the world’s diets. Formal convergence methodologies will first be applied, and any evidence for
convergence would indicate that diets across national borders have become more alike. To capture the
similarity in the global diets, an innovative time series fuzzy clustering algorithm will be adopted.
Unlike the prior studies in the existing literature, the clustering algorithm is performed on the whole
sequence of time series instead of merging the longitudinal data into a set of static data. The main
purpose is to ensure that the time dependent nature of the data is appropriately addressed. Specifically,
the adoption of fuzzy clustering technique is attractive since it allows the coexistence of multiple diets
within a single country and it can accommodate the switching behaviour that is often observed for time
series data. This is an important contribution as fuzzy clustering has not been previously employed in
the food economics literature. As cluster analysis divides countries into different clusters based on the
historical food consumption trends, it is possible to find out the main dietary trends around the world,
the direction (healthier/less healthier) have these trends become as well as their impacts on global health.
In addition, the second empirical analysis investigates the convergence and similarity among
the global diets through the lens of spatial analysis techniques. Going beyond the geographical ‘space’,
this study explores the spatial relationship among countries via the notion of economic proximity. Is it
economic development that is driving the similarities among the global diets rather than geographical
closeness? If so, economic proximity could act as spatial information and should be incorporated in the
clustering procedure to assist the selection of final cluster solution.
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Table 3.5 Applications of cluster analysis in food consumption studies.
Author(s)/Year
Blandford
(1984)
Gil et al. (1995)

Country/Region

Clustering
variables

Data source

Type of

Factor

Clustering

data

analysis

algorithm

OECD countries

Food groups

OECD

Time series

No

K-Means

16 EU countries

Food groups

FBS

Time series

Yes

Hierarchical

Key results

Dietary composition becomes more similar
More similar dietary structures
• 2 clusters with high consumption of pastry and

Wirfält and
Jeffery (1997)

The USA

Food groups

Survey

Crosssectional

No

K-Means

meat had higher fat intakes
• Other 2 clusters with high intakes of skim milk
had higher micronutrient levels

Bradatan (2003)

Petrovici et al.
(2005)
Balanza et al.
(2007)
Bertail and
Caillavet (2008)
Zhang et al.
(2008)
Honkanen
(2010)

Balkan countries
and Hungary

30 EU countries

Food groups

Food groups
and nutrients

FBS

FBS

20 EU countries

Food groups

FBS

France

Food groups

Survey

China

Food groups

Survey

Russia

Food groups

Survey

Time series

No

Hierarchical

There is a common diet structure, but calorie
intakes and meat consumption vary
Strong similarities are found between Slovakia and

Crosssectional

Time series
Crosssectional
Crosssectional
Crosssectional
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Yes

Hierarchical

Czech Republic; Finland and Norway; Estonia,
Lithuania, and Latvia

Yes

No

Yes

Yes

K-Means

Similar trends include an increase in energy from
fats and a decrease from carbohydrates

Finite mixture

Among 6 segments with diverse demands for fruits

model

and vegetables, one segment is income-independent

Hierarchical

Adherence to the traditional diet is negatively

and K-Means

related to Body Mass Index

Hierarchical and
K-Means

• Strong preference for meat
• Fish is the least consumed food

Casini et al.
(2013)

Italy

Food groups

Survey

Crosssectional

No

Latent class
clustering

Out-of-homers and convenience seekers are at risk
of consuming unhealthy diets
• Italian diet is more keeping with the

Erbe Healy

Italy, the UK,

(2014)

France, Ireland

Food groups

Survey

Crosssectional

No

K-Means

Mediterranean diet than before
• Diets in other three countries are more reliant on
food away from home
• 3 clusters associated with healthy, moderately

Walthouwer et
al. (2014)

The Netherlands

Food groups

Survey

Time series

No

Hierarchical
and K-Means

healthy and unhealthy diets
• 34% of the sample switched to a (un)healthier
cluster

Staudigel and
Schröck (2015)
Di Lascio and
Disegna (2017)

Russia

Food groups

Survey

Crosssectional

Yes

Hierarchical

Affluent households drive the supply for food away

and K-Means

from home
• Diets of EU countries become more similar

40 EU countries

Food groups

FBS

Time series

No

Copula-based

• Some countries over the years moved to a
(un)healthier diet

Heng and House
(2018)
Scalvedi et al.
(2018)

8 countries

Italy

Food groups

Food groups

Survey

Survey

Crosssectional
Crosssectional

No

Yes

K-Means

Hierarchical
and K-Means

Nearly 80% of the sample does not consume fruits
frequently or only consumes common fruits
34% of adult populations consume balanced diets,
30% consume unbalanced diets, 8% are protein
overeaters, 28% are nibblers

Western
Azzam (2020)

172 countries

Similarity
index based on

FBS

Crosssectional

food groups
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No

K-Means

A cluster consisting 16 countries whose dietary
patterns resemble the American diet

3.8

Chapter conclusion

Cluster analysis is a data exploratory tool that organises data into homogeneous groups so that the
within-cluster dissimilarity is minimised whilst the between-cluster dissimilarity is maximised. This
chapter reviews the literature on cluster analysis covering a wide variety of clustering methods for static
data and data that vary across time and/or space. In terms of defining cluster boundary, clustering
technique can be either crisp or fuzzy. Crisp clustering methods assign data units into non-overlapping
clusters, meaning that the membership of each unit associated with a cluster is either 0 (does not belong)
or 1 (belongs). Fuzzy clustering on the other hand allows each unit to belong to more than one cluster
with varying membership proportion between 0 (absolutely does not belong) and 1 (absolutely belongs),
and therefore clusters are overlapping. Several advantages of fuzzy clustering are discussed particularly
its ability to reflect the uncertainty of assigning a unit into a particular cluster when the data includes
temporal (and spatial) attributes. In addition to traditional clustering techniques, a constraint in terms
of geographical space can be introduced so that units in a cluster need to not only be similar to each
other but also be geographically close.
In the final section of this chapter, the usefulness of cluster analysis in food economics is
reviewed and a summary of related studies is provided. From this arise a number of literature gaps to
be explored in the current research. Despite the abundance of time series data in food economics, the
time dependent nature of the data is not appropriately addressed in earlier studies. Next, there is an
overwhelming predominance of crisp clustering methods while fuzzy clustering has been largely
neglected. Also, the clusters defined by differing food consumption patterns are examined in relation
with income, overweight/obesity rates and other socio-economic characteristics. In general, this step is
usually done separately from the cluster analysis. These factors however can play the role of spatial
information and can assist the selection of the final cluster solution. To the best of the author’s
knowledge, space-time clustering methods have not been employed in the previous studies related to
food/diet. This further highlights the novelty of this research and reinforces the value it adds to the
existing literature.
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Chapter 4

Diet quality indices

4.1

Chapter introduction

Today, nearly one in three people worldwide suffers from at least one form of malnutrition: childhood
stunting, wasting, vitamin and mineral deficiency, overweight or obesity and diet-related
noncommunicable diseases (WHO 2017b). While these multiple forms of malnutrition undoubtedly
pose serious threats to global health, the world is facing a nutrition crisis: approximately three billion
people are consuming low-quality diets, which either contain insufficient calories, vitamins and
minerals or contain too many calories from saturated fat, salt and sugars (Global Panel on Agriculture
and Food Systems for Nutrition 2016). Given that the causes of malnutrition are manifold, poor diet is
one of them. It is shown that low-quality diet is the leading risk factor for mortality and morbidity in
the global burden of disease (Afshin et al. 2019). Thus, promoting high-quality diets is key to achieving
the Sustainable Development Goal of “ending malnutrition in all forms by 2030” which is one of the
largest challenges facing all countries in the 21st century (WHO 2019). Existing epidemiological studies
have documented mounting empirical evidence for the link between the consumption of healthful diets
and the promotion of normal growth and development in childhood and adolescence, as well as the
mitigation of health problems in adults (Sares-Jäske et al. 2017). In general, there is the need to measure
and monitor diet quality in public health policy agendas.
A number of methods have been proposed to assess overall diet quality and to find out healthy
dietary patterns (Fransen and Ocké 2008). To this aim, numerous indices have been developed and
validated to reflect different dimensions of diet quality. Ranging from indices simply measuring the
compliance with certain dietary recommendations to more complex tools requiring consumption
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information of micro- and macro-nutrients, these indices are widely used in the existing nutritional
epidemiology literature (Burggraf et al. 2018). However, previous systematic reviews all point to a
main drawback of these indices regarding their limited predictive capacity for health outcomes,
questioning their validity (Waijers et al. 2007; Arvaniti and Panagiotakos 2008). Indeed, assessing diet
quality is a challenging task not only given the many dietary factors that can affect health but also
because there is no official definition of diet quality in the related literature (Alkerwi 2014; Berdanier
et al. 2014). This chapter aims to review the concept of diet quality and debated issues in constructing
diet quality indices.
The remainder of this chapter is laid out as follows. Section 4.2 looks at the concept of diet
quality and the nuances in quantifying it. Section 4.3 gives a brief overview on the construction methods
of pre-defined diet quality indices, the myriad of existing indices, different potential dietary data sources
and the predictive ability of these indices for health outcomes. Section 4.4 discusses motivations for the
use of a diet quality index and introduces the most appropriate one for this research. Section 4.5 presents
concluding remarks.

4.2

What is diet quality and how to measure it?

Conventionally, the notions of healthy nutrition and adequate nutrition tend to be treated as
interchangeable and the focus has long been put on the promotion of diets that provide a sufficient
amount of calories and essential nutrients (Ruel 2003). While nutrient quantity is an important indicator
to gauge the progress towards eliminating hunger and undernutrition, it matters not only ‘how many
calories’ but also ‘what type of calories’ bearing in mind the escalating overweight and obesity
prevalence worldwide (Echouffo-Tcheugui and Ahima 2019). These days, the “double burden of
malnutrition” requires promoting high-quality diets that on the one hand meet the minimal dietary
energy requirement for day-to-day survival and on the other hand have a positive impact on overall
well-being. So, what exactly is a high-quality diet? To answer this question, it is crucial to first define
diet quality.
In nutritional epidemiology literature, diet quality is described in various ways, including a
healthy diet, a balanced diet, nutritious foods, functional foods, and a nutrient-rich diet (Alkerwi 2014).
Even though these terms all emphasise the importance of achieving an optimal level of health via
balanced nutrient intakes, the existence of heterogeneous terminologies creates a huge confusion on
what constitutes a high-quality diet. While it is fairly agreed upon certain nutrients or food components
that should make up a high-quality diet, translating this knowledge into a standardised diet configuration
is a challenging task due to dietary customs, cultural context and locally available foods. Individual
factors (for example age, gender, disease status, and physical activity level) lead to different needs for
macro- and micro-nutrients (FAO and WHO 2001).
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A way to think about diet quality is to categorise food items into healthy and unhealthy
components and on the basis of which individuals should maintain an adequate consumption of healthy
food components (for instance fruits, vegetables, whole grains, fibre) and a moderate (or very limited)
consumption of unhealthy ones (such as saturated fat, sugars, sodium) (Guenther et al. 2013). Many
dietary recommendations including the Dietary Guidelines for Americans (USDA and HHS 2020) are
established based on these two key dimensions (adequacy and moderation). Others, including the UK
food-based dietary guidelines (the Eatwell Guide) (Public Health England 2016), consider
variety/diversity as another important dimension of diet quality since a diverse diet should consist of
sufficient nutrients (adequacy) and necessarily limit specific nutrients (moderation) (Kim et al. 2003;
Gémez et al. 2019). So far, a universally agreed set of indicators to measure diet quality does not exist
(Schwingshackl and Hoffmann 2015). Yet, current national food-based dietary guidelines often offer
some guidance on how a healthful diet with respect to a particular national population should look like.
The recently emerged concern around the topic of sustainability adds more nuance to the notion of a
high-quality diet. In order to encapsulate the multidimensional nature of diet quality, the definition of
high-quality diets can be as broad as those “eliminate hunger, are safe, reduce all forms of malnutrition,
promote health and are produced sustainably without undermining the environmental basis to generate
high-quality diets for future generations” (Béné et al. 2019).
How to measure the quality of a particular diet? Historically, nutritional epidemiology has
predominantly emphasised the influence of single dietary components on disease development, for
example the role of vitamin C against the risk of cancer or the role of fat intake against cardiovascular
diseases (Maynard et al. 2005). Nonetheless, this so-called ‘reductionist’ approach has received a
wealth of criticism. First, individuals do not consume single foods or nutrients but a complex
combination of foods containing numerous nutrients and non-nutrients (Mertz 1984). Second, the
existence of food synergy, meaning the interaction and interrelation of nutrients, might hinder their
bioavailability and absorption (Jacobs and Steffen 2003; Tapsell et al. 2016). To further complicate the
issue, entering several highly correlated variables (for instance, the interrelated nutrients) in a model
predicting the risk of a disease is likely to cause multicollinearity, making the estimations less robust
and the predictions less accurate (Hu 2002). In the end, foods are complex whilst our knowledge is
limited, so the nutrition-health nexus is unlikely to be reduced entirely to molecular interactions (Katan
et al. 2009). Thus, any research aiming to find an association between food intakes and disease
prevention should follow a more holistic approach instead of focusing on specific nutrients or individual
foods. Diet quality should be viewed via the lens of the totality of what one eats and drinks as a whole
(Schwingshackl and Hoffmann 2015; Hiza et al. 2018). This leads to the emergence of an alternative
approach (called dietary pattern analysis) as opposed to the reductionist approach.
Following dietary pattern analysis, there are two methods to measure and quantify dietary
patterns (Waijers et al. 2007). One method is based on current nutritional knowledge on foods and
nutrients important to health which are quantified and summed to arrive at an overall measure of dietary
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quality (Trijsburg et al. 2019). This is often coined theoretically defined dietary patterns or pre-defined
diet quality indices/scores. The aim is to evaluate the dietary healthiness and categorise individuals
according to the extent to which their eating behaviour is healthy or how their dietary patterns comply
with the reference intake values recommended in dietary guidelines. A great advantage of pre-defined
diet quality indices is generalisability, meaning that they can be applied to different populations
(Román-Vinas et al. 2009; Vandevijvere et al. 2013). In addition, diet quality scores are useful for
comparing diet quality of sub-groups within the same population, tracking diet quality over time,
assessing impacts of an intervention on diet quality and examining the relationship between diet and
disease risks (Lanham-New et al. 2019). However, the accuracy of a priori indices is limited by the
current level of dietary knowledge regarding diet-health relationship, and uncertainties for the index
construction process (Fransen and Ocké 2008).
The other method, known as empirically defined dietary patterns, examines diet quality a
posteriori by using statistical techniques such as factor or/and cluster analysis. Such techniques
aggregate intake variables into factors to investigate common underlying food consumption patterns
within a population (Newby and Tucker 2004). Because the patterns are derived specifically for the
population, they are often not reproducible across populations (Kant 1996). Besides, they do not
necessarily define the healthiest patterns because they are not based on current nutritional knowledge
or evidence on the diet-health relationships (Hu 2002).
In this research, the world’s diets are first defined by cluster analysis, and a pre-defined diet
quality score is then exploited to evaluate the healthiness of overall diet. The next section presents an
overview of pre-defined diet quality indices.

4.3

Pre-defined diet quality indices

4.3.1

Construction framework

Being composite indices, diet quality indices follow the same methodology for index development
which consists of five steps as follows:
Step 1: Select index variables (components);
Step 2: Select the number of partitions for each component;
Step 3: Design a scoring system and cut-off values for each component;
Step 4: Attribute a weighting to each component;
Step 5: Sum up the scores assigned to components to find the index value.
Essentially, all indices are combined measures of individual components, each of which
represents a different dimension of the index and is based on some particular dietary
recommendations/guidelines. Once the components to be included in the index are determined, they
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need to be quantified in terms of the number of partitions (or categories) for each component as well as
the score assigned to each partition. A common technique is to use a cut-off value for each component
and to assign 0 if the consumption of that component is lower (or higher) than the cut-off value, and 1
if the consumption is higher (or lower) than this threshold. The index components are scored using
arbitrary weights and then summed up to arrive at a final score.
To demonstrate, Table 4.1 shows the composition of the Healthy Diet Indicator 2013 (HDI2013) (Berentzen et al. 2013), which is the updated version of the original Healthy Diet Indicator
(Huijbregts et al. 1997). HDI-2013 comprises seven components, namely saturated fatty acids,
polyunsaturated fatty acids, cholesterol, protein, dietary fibre, fruits and vegetables (excluding potatoes),
and free sugar. These components are chosen from the World Health Organisation (WHO)’s
recommendations for the prevention of chronic diseases (WHO 2003). A dichotomous variable is
generated for each component. If a person’s intake is within the recommended range following the
WHO’s guidelines, this variable takes the value 1, otherwise, it is coded 0. All seven components have
equal weightings towards the total score. Therefore, the HDI-2013 is the sum of all these dichotomous
variables and takes a value in the range of 0-7 points. The higher the HDI-2013 value, the higher the
diet quality.
Table 4.1 Composition of the Healthy Diet Indicator 2013 (HDI-2013).
Components (daily intake)

1. Saturated fatty acids (% E)

2. Polyunsaturated fatty acids (% E)

3. Cholesterol (mg)

4. Protein (% E)

5. Dietary fibre (g)
6. Fruits and vegetables (excluding
potatoes) (g)
7. Free sugar (% E)

Cut-offs

Score

< 10

1

≥ 10

0

6 - 10

1

< 6 or > 10

0

< 300

1

≥ 300

0

10 - 15

1

< 10 or > 15

0

> 25

1

≤ 25

0

≥ 400

1

< 400

0

< 10

1

≥ 10

0

Note: % E refers to the percentage of total energy intake excluding alcohol;
mg and g are abbreviations of milligrams and grams.
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Weighting

The HDI-2013
value

= ∑7𝑖=1 𝑋𝑖
Equal

where X denotes
the component
scores

4.3.2

Existing diet quality indices

Numerous pre-defined diet quality indices have been proposed in the existing literature and the majority
of them aim to evaluate diets of adults. Some specific indices are developed for children and
adolescents, for example the KIDMED index (Da Rocha et al. 2020), or for elderly people for instance
the Elderly Dietary Index (Kourlaba et al. 2009).
Overall, the four most widely used indices are the Healthy Eating Index (HEI-1995) (Kennedy
et al. 1995), the Diet Quality Index (DQI-1994) (Patterson et al. 1994), the Healthy Diet Indicator (HDI1997) (Huijbregts et al. 1997), and the Mediterranean Diet Score (MDS-1995) (Trichopoulou et al.
1995). Several modifications and updates of these indices have been proposed. For example, AHEI2002, HEI-2005, HEI-2010, HEI-2015 are variants of the original HEI.
Primarily, indices are constructed following either nutritional guidelines or Mediterranean
dietary patterns. The Mediterranean diet has received a lot of attention due to the fact that adults
dwelling near the Mediterranean Sea have one of the lowest incidences in chronic diseases and one of
the highest life expectancies in the world (Trichopoulou and Benetou 2019). Even though the positive
association between adherence to the Mediterranean diet and risks of coronary disease and certain types
of cancer is confirmed in prior studies (Panico et al. 2014; Anand et al. 2015; Rosato et al. 2019), a
precise and quantified definition of the Mediterranean diet does not exist. Having said that, a traditional
Mediterranean diet refers to the eating pattern of the Mediterranean basin which spans from Southern
Europe to Northeast Africa, and is usually characterised by a high monounsaturated/saturated fat ratio,
a moderate consumption of wine and dairy products, a low consumption of meat while a high
consumption of vegetables, grains and fruit (Trichopoulos and Lagiou 2004; Mastorakou et al. 2019).
The abundance and wide variety of healthful foods in the Mediterranean region might be partly
attributed to the strategic location along the north 40th parallel, which stretches across the Mediterranean
Sea, Asia, Japan, North America and the Iberian Peninsula (Vilarnau et al. 2019). However,
Mediterranean eating patterns are not homogeneous for the Mediterranean basin but are spatially
heterogeneous, shown by for example varied patterns in north versus south Mediterranean countries,
due to the inherent socio-economic factors within each region (El Kinany et al. 2020).
Tables B.1 and B.2 in Appendix B summarise 61 indices, of which 41 indices are tailored to
the national dietary guideline and 20 indices based on Mediterranean diet. It can be seen that national
dietary recommendations mostly stem from the US, Canada and other high-income countries whereas
there is an absence of indices developed for low- and middle-income countries. A recent report shows
that only 2 out of 31 low-income countries and 12 out of 51 middle-income countries currently have
some sorts of dietary guidelines (Global Panel on Agriculture and Food Systems for Nutrition 2016).
Among 41 reported indices, a handful of them are created for cross-regional comparison and only two
are globally applicable. The myriad of existing indices on the one hand demonstrates the incoherence
of national dietary recommendations and on the other hand is evident for the constant update of these
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guidelines. To recap from previous sections, indices are proposed to suit the context and food culture
of a country or geographical area, and thereby indices should ideally be updated when new nutritional
knowledge and recommendations unfold (Guenther et al. 2013; Moraeus et al. 2020). To illustrate, the
Healthy Eating Index (HEI-1995) was originally developed to evaluate the extent to which Americans
are conforming to the nutritional recommendations outlined in the Dietary Guidelines for Americans.
This index however has been revised since 2005 and the updated versions including HEI-2005, HEI2010, HEI-2015 are proposed as new guidelines (the most recent one is the 2020-2025 Dietary
Guidelines) emerge.
That said, the question remains whether these country-specific and cross-regional indices
precisely capture all dimensions of diet quality. The majority of indices listed in Table B.1 and B.2 are
based on both nutrients and food groups, and often the recommendations based on food groups
predominate. This is somewhat expected as it is obviously easier for individuals to follow a guideline
such as 600 grams of vegetables per day than 1,000 kcal from carbohydrates. Comparing indices listed
in two tables, most of them are featured with an equal weighting scheme, implying that the relative
importance of different food groups and/or nutrients is usually not taken into account. Besides, indices
based on the Mediterranean diet tend to have a stronger association with health outcomes.
4.3.3

Similarities and differences among existing indices

Many similarities and differences among existing diet quality indices are engendered by the
methodology for index development, which is not black-and-white and there is plenty of room for
arbitrary choices made by the researcher (see, among others, Waijers et al. 2007; Arvaniti and
Panagiotakos 2008; Kourlaba and Panagiotakos 2009; Wirt and Collins 2009; Burggraf et al. 2018;
Aljuraiban et al. 2019; Trijsburg et al. 2019). Specifically, these choices are related to the selection of
variables/components to be included in the index, the cut-off values that should be used for each
component, the weights that should be assigned to each component, and the dietary assessment method
to measure food intakes. As a result, the index development is susceptible to a high degree of
subjectivity. Moreover, differences in the construction method make the comparison between indices
impossible. Hence, an understanding of the rationale of the diet quality index as well as the components
making up the score is crucial for the index to be correctly interpreted (Lanham-New et al. 2019). Key
issues in the construction of a diet quality index are discussed as below.
Index components
According to Kant (1996), there are three approaches in constructing a diet quality index: based on
nutrients (for example total calcium intake), food/food groups (for example intakes of meat, vegetables,
cereals), or a combination of both. Some indices comprise of only nutrients (DQINB-1999), some
contain only food groups (DQS-2007, MAI-1999, HFI-2001), and others contain both (DQI-1994, HEI93

2005, AHEI-2002). Overall, nutrient-based indices tend to consider consumption as a percentage of one
of the nutrient-based reference values of the dietary reference intakes as a marker for diet quality
whereas indices based on food groups examine the dietary patterns of foods to identify patterns
associated with adequacy and positive health outcomes (Kant 1996). In the existing literature, the most
commonly applied indices are based on the combination of nutrients and foods (Coulston et al. 2017).
Even though the nutrients or food groups exploited in each index vary case by case, some
nutrients (such as total fat, ratio of saturated fat to mono- or polyunsaturated fat, and cholesterol) or
food groups (such as fruits, vegetables, cereals, meat, and dairy) are often included due to their longknown positive impacts on health. The number of components used in each index is not fixed but ranges
between 4 (HFI-2001) and 20 (DGAI-2005).
As a diversified diet comprising of a greater variety of foods is more beneficial than a
monotonous diet, prior researchers recommend taking into account diet variety (reflected by the number
of different foods consumed over a given period of time) in the index construction (Arimond and Ruel
2004). This has led to the development of indices that exclusively measure diet diversity, for example
the Dietary Variety Score (Bernstein et al. 2002) or the Riksmaten Adolescent Diet Diversity Score
(RADDS) (Moraeus et al. 2020). However, the necessity to incorporate variety as an index component
is questioned by Waijers et al. (2007) as diet quality indices are generally made up of several adequacy
indicators, automatically implying a varied diet.
Cut-off values
Cut-off values should be specific to not only country or region but also age, sex, weight, and physical
activity level in order to take full advantage of the scientific knowledge available for the population
under examination (Burggraf et al. 2018). In practice, cut-offs can be either normative or percentile.
Normative cut-offs are derived from current evidence for diet-health relationships that reflect dietary
requirements of healthy individuals, and thereby are chosen as a healthy level of intake usually in
accordance to dietary recommendations (Drake et al. 2011). HEI-1995, HEI-2005, HEI-2010, HDI1997 and HDI-2013 are examples of those indices being constructed in this way. This kind of cut-off
prevents overestimating scores and allows the comparison of studies in meta-analyses (Aljuraiban et al.
2019). Although the rationale seems attractive, this approach is subject to a major drawback. If the
intake of a component is below the cut-off value for the majority of subjects in a population, this index
component does not contribute any extra discriminating power and could become redundant in index
construction (Waijers et al. 2007).
On the other hand, percentile cut-offs (median or quartile) simply indicate the intake values
below which a given percentage of observations in a population sample fall. Many Mediterranean dietbased indices use sex-specific median cut-off value (for instance MDS-1995 and MDS-2003). The main
advantage of this method is that each component is well distributed with half of the subjects scoring
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positively and the other half scoring negatively. Nevertheless, it has certain disadvantages including
that the median value does not necessarily reflect a healthy level of intake, and different population
samples produce different median values (Kourlaba and Panagiotakos 2009). For example, a high MDS
score in a southern European population can differ greatly from a high score in a northern European
population.
Bearing in mind the pros and cons of normative and percentile cut-offs, researchers should take
into account the intake levels of the included components in the population when choosing the cut-off
value. Some indices (say MDS-1995, HDI-1997, HFI-2001) exploit only one cut-off value, some (say
DQI-1994 and DGI-2002) use more than one cut-off value (with a lower bound, an intermediate range,
an upper bound), and others (say AHEI-2002 and DQI-I-2003) assign the score of each component to
be proportional to the extent with which the guideline is complied.
Weighting and aggregation
For the majority of existing indices, all items have equal contributions to the total score. However, it is
not plausible that all components have the same health impact and hence, equal weighting can lead to
an overestimated score (Aljuraiban et al. 2019). Only few indices are constructed using specific weights
to some components (for example HEI-2005, RCI-2008, DQI-I-2003). However, the weights are
decided arbitrarily with no sound rationales and the oft-quoted reason is that certain components are
more important to diet quality based on dietary guidelines (Kim et al. 2003). The remaining indices
apply linear aggregations with equal weights designated to the index components without giving further
explanations.
Underlying dietary intake data
Diet quality indices are constructed based on food consumption data, which can be derived from food
consumption surveys at national, household or individual level and can be expressed in terms of
nutrients and/or foods. Main dietary assessment methods include Food Frequency Questionnaire (FFQ),
24-hour recall, diet history, food record and Food Balance Sheet. The validity of these methods as well
as their strengths and limitations are discussed in the next section.

4.3.4

Dietary assessment methods for measuring dietary intake

According to Gibson (2005), there are four approaches in nutrition assessment to comprehensively
evaluate the nutritional status of individuals, namely anthropometrics, biochemical parameters, clinical
examination and dietary assessment. Dietary assessment refers to methods that estimate the
consumption of food and nutrients at national, household and individual level. Figure 4.1 presents the
95

most common dietary assessment methods, which are categorised depending on the nature of the
method. Indirect methods assess diets by employing secondary data whilst direct methods gather
primary data from individuals. Depending on the time that food consumption is recorded, direct
methods can be either prospective or retrospective. The former refers to recording diets as foods are
being consumed while the latter relies on a recall of foods that were consumed. Each of the methods

Dietary assessment methods

shown in Figure 4.1 is to be discussed subsequently.

National

Food Balance Sheets

Household

Household Consumption
and Expenditure Surveys

Prospective

Food records

Indirect

Direct

Dietary history

Retrospective

Food frequency
questionnaire

24 hour recall

Figure 4.1 Overview of dietary assessment methods.

Measuring food consumption at national level
The most widely used method for estimating food availability for consumption at national level is the
Food Balance Sheet (FBS) from the Food and Agriculture Organisation of the United Nations (FAO).
By definition, the FBS is an aggregated data set that “presents a comprehensive picture of the pattern
of a country’s food supply during a specified reference period” (FAO 2001, p.1). The FBS compilation
follows an accounting framework such that all potential sources of both food supply and food utilisation
of a given food item are specified. Figure 4.2 shows how the food available for human consumption is
calculated. Domestic food production plus the quantity imported and then deducted by the quantity
exported and food added to stocks gives the total food available for supply. The food available for
consumption is derived after subtracting other utilisations for non-human food use (including animal
feed, seed, industrial use for food use and non-food use) and food losses during storage and
transportation. This process is repeated for every food product (on the basis of primary commodity
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equivalent) consumed within a country, and all the primary commodity equivalent balances are
combined into a single comprehensive data set – the FBS. Conventionally, the data are presented per
capita after adjusting for the population size, in terms of kilocalories per person per day (kcal/capita/day)
for energy intake or grams per day for protein and fat content. Figure 4.2 also illustrates that the FBS
can reasonably proxy the national food availability for consumption (‘apparent food consumption’), but
not food consumption per se because food waste is not incorporated into the figures. However, the FBS
framework allows viewing the domestic food supply and demand situation in a holistic approach,
offering appeals to food supply analysis and food policy formulation. Its applications are numerous.

Note: the dotted boxes represent food utilisations.

Figure 4.2 The derivation of food supply from Food Balance Sheet.
Being one of the most extensive food consumption databases providing annual data on
approximately 100 food commodities for over 180 countries worldwide, the FBS is a useful tool to
monitor global food patterns and dietary habits (FAO 2018). To illustrate, analysing the FBS data helps
97

to uncover trends in the prevalence of undernourishment in developing countries (Ambagna et al. 2019),
to examine the evidence of the nutrition transition (Sheehy and Sharma 2010; Sheehy and Sharma 2013;
Sheehy et al. 2019), and to predict future food demand (Gouel and Guimbard 2019). Even though the
FBS covers per capita consumption of energy, protein and fat but lacks information on micronutrients,
some indicators of diet quality such as the quantity of available fruits and vegetables in a given country,
the share of energy from non-staple foods, and the share of energy from animal-source protein are easily
derived. Petrova et al. (2011) estimate the national n-3 fatty acid intake based on the availability of fish
and vegetable oils. When combined with food composition table, the FBS data can assist in evaluating
the adequacy of zinc (Wuehler et al. 2005; Wessells and Brown 2012), magnesium (Joy et al. 2013),
and other micronutrient contents (Arsenault et al. 2015) in national food supplies. Other studies employ
the FBS to identify variations in adherence to the Mediterranean diet among Mediterranean countries
(Balanza et al. 2007) or worldwide (Da Silva et al. 2009; Vareiro et al. 2009). These indicators give a
relative picture of the availability as well as diversity of foods in a country but are not able to provide
specific insights related to other dimensions of diet quality.
The FBS has been extensively utilised for diet monitoring purposes due to its various
advantages. First, the FBS is a standardised and freely accessible source of indirect nutrition data which
is relatively simple to analyse (FAO 2018). Despite the existence of direct dietary assessment methods
at individual level, these are rarely standardised or comparable across countries or over time owing to
several methodological differences (Micha et al. 2018). Second, FBS data are perhaps the only available
dietary data for nearly all countries and territories worldwide, especially low-income countries
(Grünberger 2014; Leclercq et al. 2019). Next, FBS data are useful to compare food availability among
countries or to monitor trends over time within a country (Popkin and Reardon 2018). As the FBS tracks
food availability, it can determine whether the national food supply adequately meets the nutritional
requirements, especially for underdeveloped and developing countries where undernutrition and hunger
are likely to exist to a great extent. On the other hand, the rising obesity rates within a country could be
tracked by the increasing overall per capita food availability (FAO 2017b). Such information can
support the government in introducing prompt policy measures to halt the rise.
Yet, several drawbacks of the FBS hinder its usefulness in assessing dietary consumption. The
most important caveat is that FBS data do not imply actual food intakes/consumed as the food waste at
household, retail and restaurants is not incorporated into the figures. As pointed out by Anand et al.
(2015), almost a third of all food produced for human consumption is wasted before it is actually
consumed. Thus, the FBS likely overestimates the amount of food actually consumed. According to
Popkin and Reardon (2018), the FBS data are 20% or more higher than the true dietary intake. Looking
at a wide variety of food items, Grünberger (2014) suggests that the FAO overestimates consumption
figures for most foods and the greatest overestimation is for whole grains whereas the FAO
underestimates intakes of nuts, seeds, and legumes. Second, estimates are derived from primary and/or
basic country statistics which may be subject to methodological errors (FAO 2018). The extent to which
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the FBS data appropriately reflect the reality needs to be cross-checked with factors such as food losses,
food waste, and unrecorded trades across national borders. Third, FBS data do not allow the
examination of seasonal variations in the food supply (Grünberger 2014). Next, the FBS does not take
into account small-scale agricultural production and harvest of wild plants, heightening the uncertainty
mostly in developing countries and rural areas where people tend to be dependent on home production
and wild foods (Beal et al. 2017). Neither does it collect information on consumption by tourists (Da
Silva et al. 2009). In addition, the data coverage and data quality (such as data on crops, production,
storage, and losses) limit the data reliability particularly in low- and middle-income countries (Jacobs
and Sumner 2002; Schmidhuber and Traill 2006; Desiere et al. 2018; Godenau et al. 2020). Some
authors show that the FBS tends to underestimate food availability in less developed countries (Balanza
et al. 2007; FAO 2018). Finally, the FBS does not distinguish food supplies by age, gender, education,
or socio-economic levels (Del Gobbo et al. 2015; Muhammad et al. 2017). Even though analysing the
FBS can provide a macro picture of shifting diets but with no insight into the distribution of foods within
a country due to the lack of disaggregated information. Therefore, the FBS can potentially mask the
coexistence of over-consumption and under-consumption within a single country (Beal et al. 2017).
These limitations should be recognised for the FBS estimates to be accurately interpreted and
researchers should be cautious in linking the trends in national food consumption to variations in disease
or mortality due to the influence of many lifestyle factors (Gibson 2005).
Measuring food consumption at household level
Depending on the primary purpose, household surveys gathering information on food consumption or
expenditure can take various forms, including the Household Budget Survey (HSB), the Household
Income and Expenditure Survey (HIES), the Living Standards Measurement Study (LSMS), the
Household Expenditure Survey (HES), the Living Costs and Food Survey (LCFS). All of these surveys,
whether nationally or sub-nationally representative, are collectively referred to as Household
Consumption and Expenditure Survey (HCES). Unlike the FBS in which food consumption information
is estimated from the perspective of food supply, the HCES estimates food consumption at household
level from the perspective of food demand. Household members are responsible for recalling/recording
all expenses and types of foods consumed during a specified time period, say one week to one month.
This information is collected and analysed by national statistical offices to calculate the ‘apparent food
consumption’ at household level (FAO 2018).
The validation of calculating individual nutrient intakes/food consumption from the HCES is
examined in studies by Engle-Stone and Brown (2015), Coates et al. (2017), Sununtnasuk and Fiedler
(2017), and Karageorgou et al. (2018). The HCES has gained its popularity for several reasons. First,
the HCES is regularly conducted in a large number of low- and middle-income countries, and might be
the only source of dietary information in such countries where hunger and undernutrition are most
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pronounced (Russell et al. 2018). Second, since the HCES contains a wealth of information on the
household’s food consumption and acquisition and is routinely conducted once every 3-5 years on large
samples (10,000 households on average) that are representative of national and subnational
demographics, it can be used for tracking trends as well as changes in national patterns of food
consumption (Sununtnasuk and Fiedler 2017). Third, the HCES is less expensive than other sources of
nutrition data as the survey is conducted and paid for by government agencies (Fiedler et al. 2013).
However, the HCES is not without limitation. A major drawback is the lack of information on
food away from home. By definition, the HCES measures “the total amount of food available for
consumption in the household, generally excluding food eaten away from home unless taken from home”
(Putnam and Allshouse 1994). As such, the consumption figures might be underestimated. In many
countries, the rising consumption of foods outside home might hamper the survey’s ability to accurately
determine the overall diet quality. Second, the survey designs are not standardised but differ in key
characteristics even within the same type of survey, both across countries and within countries over
time (Fiedler et al. 2012; Russell et al. 2018; Rippin et al. 2020). For example, different member states
in Europe use different methods to collect food consumption data, making it difficult for cross-country
comparisons (Ioannidou et al. 2020). Though there are international guidelines for the design and
implementation of each of the HCES types, they are specific to each type of survey and generally lack
coherence and leave a significant amount of leeway for the national survey statisticians (Zezza et al.
2017). Third, the HCES does not provide information on individual food consumption and hence does
not allow the investigation of food distribution among household members (FAO 2018). Finally,
HCESs are costly and most countries do not conduct them on an annual basis (Godenau et al. 2020).
In addition to the collection efforts by the federal government, a number of rich datasets on
food purchases and consumption are collected by private market research firms in order to analyse food
retail markets. One of such data is scanner data, which record sales of food purchased at stores or used
by consumers at home. Popular suppliers of scanner data include Kantar, IRI, and Nielsen. The
collection of scanner data can be facilitated: (i) at point-of-sale (retail) by the use of the universal
product code (UPC) of products sold at retail checkout counters; (ii) by household scanner panels or
random samples of households whose task is to scan in the UPC of the items they purchased using
scanners provided to them (Muth et al. 2019). Generally speaking, scanner data allow for more thorough
analyses of food purchase behaviour since the data recorded at the scannable barcode level can be linked
to detailed information on characteristics of products (such as the brand name, the price for which the
product was bought, the quantity, the weight and whether it was purchased on promotion), households,
and stores (Levin et al. 2018). It is this granularity of the data at the product level that makes scanner
data attractive for some specific uses (Griffith and O'Connell 2009; Sweitzer et al. 2017). Other
important advantages of these data are that they are produced in a timely manner (Muth et al. 2016) and
the household scanner panel samples are much larger than those for the HCES (National Research
Council 2005).
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Yet, scanner data have some limitations. Foremost, scanner data reflect purchases rather than
consumption, and this type of data only accounts for food-at-home purchases, not food away-fromhome (Chen et al. 2016). Infrequent purchases and the frequency with which people shop are other key
issues. In addition, there is a big burden on respondents regarding the household scanner surveys as a
respondent has to scan in all the items purchased after each shopping and report the results to the
collecting firm (Lusk and Brooks 2011). Finally, scanner data are not designed to include
comprehensive information on the household characteristics. Despite some basic demographic
information (for example employment status, household income, or the age of the head of household),
there is a lack of information on health knowledge, physical activity, sources of income, and
participation in food assistance programs (National Research Council 2005).
It is worth mentioning that neither of the indirect methods for dietary assessment that have been
considered so far directly collects primary dietary data from individuals to calculate the dietary intake
or food consumption. Importantly, the nutrition data obtained by the two methods are best described as
‘apparent food consumption’ rather than ‘effective food consumption’. Therefore, these indirect
methods are most useful in identifying trends in food availability across geographical regions and over
time. However, direct methods for individual-based dietary assessment do exist and the information
gathered from which can be employed to investigate trends in food consumption, food and nutrient
intakes, dietary patterns, and to examine the diet-disease association.
Measuring food consumption at individual level
Methods in this category provide either quantitative daily consumption data (recalls and records) or
retrospective information on food consumption over a longer time period (diet history and food
frequency questionnaire). Each of the direct methods is described subsequently along with their
applications, strengths and shortcomings.
24-hour recall
This method requires subjects or their caretakers to recall food intake of the previous 24 hours in an
interview. Therefore, the actual intake (consumption) of individuals is assessed. However, a single 24hour recall is not sufficient to calculate an individual’s usual intake of food and nutrients. Often,
multiple non-consecutive 24-hour recalls on the same individual are recommended to eliminate daily
variability in dietary patterns (Knüppel et al. 2019). This method is useful in assessing average usual
intakes for a large population under the condition that subjects are representatives of the population and
the days of the week are equally represented (Micha et al. 2018). This method is quick, easy,
inexpensive, and can be used for illiterate individuals (Schoeller and Westerterp 2017). Since the
respondent burden for a single 24-hour recall is small, those who agree to participate in 24-hour recalls
are more likely to be representative of the population than those who agree to keep food records.
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Therefore, 24-hour recall is useful across a wide range of populations (Coulston et al. 2017).
Nonetheless, this method relies on memory aids to quantify food consumption, hindering the accuracy
when conducting for elderly (Gibson 2005).
Food frequency questionnaire (FFQ)
This method attempts to obtain the frequency with which foods are consumed during a specified period
of time. As the usual food intakes are assessed over a relatively long period of time, this method can
help identify food patterns associated with inadequate nutrient intakes. The simplest questionnaires
contain a list of comprehensive or specific food items along with a set of frequency categories (daily,
weekly, monthly, or yearly). This method is widely used in epidemiological studies to rank individuals
into different categories of low, medium or high intakes of specific foods (Kanerva et al. 2014). The
method could be in the form of an interview, a self-administered questionnaire, or a computeradministered questionnaire with less than 30 minutes to complete. There is less respondent burden, and
it is quick and easy to collect the results (Kennedy et al. 2011). Hence, the FFQ is commonly used to
estimate dietary intake in large epidemiological studies (Coulston et al. 2017). Nonetheless, the
accuracy is lower than other methods (Dynesen et al. 2003). Besides, questionnaires are context-specific
since diets vary from place to place and the food list needs to be updated raising the need to revalidate
the questionnaires in each context (Schoeller and Westerterp 2017). In addition, the FFQ collects neither
eating pattern information (for instance meals per day) nor detailed information on foods consumed (for
example brand names) (Berdanier et al. 2014).
Food record
This method assesses actual or usual food intakes by requiring subjects to keep a record of all food and
beverage (including snacks) at the time of consumption over periods from one to seven days. Despite
the virtue of yielding accurate estimation, this method is time-consuming (Berdanier et al. 2014). To
complete a food record, each respondent must be trained to adequately describe the foods and the
amounts consumed with plentiful information including brand name of the food, preparation methods,
portion sizes (Coulston et al. 2017). Thus, the respondent burden is higher and the accuracy highly
depends on the conscientiousness of subjects (Gibson 2005).
Diet history method
This method aims to estimate the usual food intake of individuals over a longer period of time, usually
a month. It often involves an interview for 24-hour recall plus information on usual eating pattern,
followed by an FFQ to verify the initial data. As the food or nutrient intakes are recorded over a
relatively long period, this method is useful for food policy development programmes in identifying
food patterns associated with inadequate nutrient intakes (Drake et al. 2011). Nevertheless, the process
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is labour intensive, time-consuming, and results highly depend on the skills of the interviewer (Schoeller
and Westerterp 2017).

To sum up, accurate estimations of food consumption and nutrient intake are of utmost
importance in understanding dietary patterns, monitoring dietary quality, and informing nutrition
policies. Still, the data gathered by existing dietary assessment methods are far from optimal. Moreover,
no single method is superior in terms of measuring all components of diets. Hence, the choice of an
appropriate dietary assessment method should be in accordance with a given purpose and in any case
its strengths as well as limitations should be borne in mind. If one is interested in uncovering the overall
trend in dietary patterns over time and/or across countries, national-level standardised data are
recommended. On the other hand, individual-level dietary data are preferred if the prime purpose is to
assess diet quality in its full form.

4.3.5

Diet quality indices and health outcomes

As mentioned earlier, the complexity of individual’s diets and the interactions between nutrients
undermine the traditional approach of discovering the influence of single nutrients (or food) on the risk
of related diseases (Mertz 1984). Developed in a response to the need of a holistic approach, diet quality
indices have become an increasingly popular tool to investigate epidemiological associations between
dietary intakes and nutrition-related health outcomes (Wirt and Collins 2009; Murakami et al. 2020).
To recap, the majority of existing indices are constructed based on either national/international
dietary guidelines or the Mediterranean diet pattern. The components included in these indices are
chosen among the nutrients or food groups that are suggested by a particular nutritional guideline or
characterise a certain dietary pattern. As a result, these indices represent the degree of adherence to a
particular guideline or dietary pattern (Bach et al. 2006; Waijers et al. 2007; Burggraf et al. 2018). Yet,
their predictive ability for several health outcomes needs to be confirmed since components of a
particular nutritional guideline are not necessarily good predictors of health outcomes (Kourlaba and
Panagiotakos 2009).
The related literature witnesses several research attempts to investigate the validity of existing
diet quality indices in terms of nutrient adequacy and the risk of various health outcomes including
biomarkers of disease, mortality and chronic diseases such as cardiovascular diseases (CVDs) and
cancer. Tables B.1 and B.2 report an inverse relationship between indices and health outcomes in most
studies. However, the association is generally modest and the predictive capacity of most indices seems
to be in the same vicinity (Waijers et al. 2007; Arvaniti and Panagiotakos 2008). The relative risks for
health outcomes are almost attenuated after controlling for confounding factors such as age, education,
smoking status, BMI, physical activity (Kant 2004). It is acknowledged that differences in population
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size, dietary assessment methods, index scoring system, and the adjustment approaches for confounders
make it more challenging to obtain consistent results across studies (Berdanier et al. 2014). Previous
researchers report a weak relationship between diet quality indices and reduced risks of CVDs in men
(McCullough et al. 2000a), but fail to uncover any association with reduced risks of chronic diseases in
women (McCullough et al. 2000b).
Specific health outcomes such as cancer risks are not predicted as strongly or as consistently
as all-cause mortality or CVDs (Wirt and Collins 2009; Schwingshackl and Hoffmann 2015;
Neelakantan et al. 2018). On the one hand, many index components (for instance those of HEI-2010)
are chosen from epidemiological associations with reduced risks of CVDs and its risk factors,
explaining why indices tend to have a better prediction for the risk of CVDs (McCullough et al. 2000a;
Nicklas et al. 2012). On the other hand, the link between index components and cancer risks could be
less significant. Inconsistent results between diet quality scores and chronic diseases are also
documented. To take obesity as an example, many researchers discover that lower diet quality scores
are related to overweight and obesity (Nicklas et al. 2012; De Miguel-Etayo et al. 2019; Yang et al.
2014; El Kinany et al. 2020). By contrast, Villegas et al. (2004), Asghari et al (2012) and Moraeus et
al. (2020) question the ability of diet quality indices to predict weight status.
Though diet quality indices can be adequate measures of overall diet quality, it is difficult to
relate an index with the risk of a specific disease unless the index is particularly designed for this
purpose (Radwan et al. 2015b). Reviewing the use of Mediterranean diet indices in epidemiological
studies, Bach et al. (2006) conclude that these indices do not have the best predictive ability but they
have a sufficient one. This could be attributed to the fact that elements of the Mediterranean diet are
strongly associated with a reduced risk of coronary heart disease and several forms of cancer (Anand et
al. 2015).
Several reasons are put forward to explain the modest association between diet quality indices
and health outcomes, and most often quoted is the unresolved methodological issues during index
construction (with regard to the arbitrary choices in choosing the index components, cut-off values,
scoring system, and weighting) (Kourlaba and Panagiotakos 2009; Berdanier et al. 2014). In essence,
diet quality indices may not completely fulfil the requirement of a holistic approach in which the
correlation between intakes of various dietary groups needs to be resolved (Waijers et al. 2007). In
addition, while very few diet quality scores are developed for use internationally, the vast majority of
existing indices are country/region-specific and tailored to a country/region’s distinguished food habits
as well as disease profiles (Trijsburg et al. 2019). Thus, the applicability of such pre-defined scores for
a wide range of health outcomes relevant for diverse populations across different cultures is often
debated (Fung et al. 2018; Pereira et al. 2020). As argued by La Vecchia and Majem (2015), intercountry disparities in dietary components fundamentally reflect the availability of the food items
included in the score, rather than individual choices based on health-related indications and individual
consciousness and attention. As a matter of fact, some nutrients or foods could be key factors for specific
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health outcomes while irrelevant to other health outcomes (Radwan et al. 2015a). Finally, diet quality
scores can assess only one aspect of food consumption whereas the confluence of several other factors
such as socio-economic class, education, accessibility to healthy food stores, lifestyle, and behavioural
aspects can impact the compliance to healthy eating patterns and mediate the effects of food intakes on
health outcomes (Aljuraiban et al. 2019).
To sum up, given the large number of existing diet quality indices, no index is superlative in
assessing the risk of poor health outcomes. Moreover, an index targeting to determine the general health
status of a population may not be an accurate predictor of a specific disease. As a rule of thumb, a more
specific index is required in order to measure more specific health outcomes.

4.4

The application of diet quality indices in this research

4.4.1

Motivations for the choice of a diet quality index

Even though validating the index’s predictive capacity for health outcomes should be the main
determinant for choosing a specific diet quality index, current empirical evidence is limited to facilitate
this choice. Heterogeneities in sample populations, intended use, diet assessment methods, data sets and
development methodologies make it difficult to arrive at a solid recommendation from the multiple
existing indices. The decision of which index to use should also consider other criteria.
First, the intended purpose of the index should be defined: whether it aims to measure absolute
diet quality, to assess the adherence to a particular dietary guideline, or to assist in health promotion
programmes. For the latter purpose, the index should be food-based in its composition as individuals
choose to eat (combinations of) foods, not nutrients (Waijers et al. 2007; Coulston et al. 2017). The use
of food-based indices is readily translatable to dietary advice and public health policy applications
(Kourlaba and Panagiotakos 2009; Tapsell et al. 2016).
Second, the index composition should be revised. Indices constructed by foods and food groups
are straightforward and they can overcome several limitations of food composition tables (to name a
few, being incomplete, being outdated and lacking nutrient content of processed, fortified and cooked
foods) (Trijsburg et al. 2019). Another advantage is that interactions among nutrients contained in food
groups are taken into account (Kant 1996). Looking at an index made up from vegetables, the health
effects of vegetables are attributed to not only fibres but also the antioxidants, carbohydrates, proteins
and other non-nutritive components. Yet, it is not easy to keep track of the large heterogeneity within
food groups (Coulston et al. 2017). For instance, the protective properties against cardiovascular
diseases vary among varieties of vegetables. Another practical drawback is the applicability of foodbased indices to populations with different dietary practices without being modified. On the other hand,
indices based on nutrients are more robust and can be easily adapted to different populations and
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countries (Verger et al. 2012). The Mean Adequacy Ratio and the Mean Probability Adequacy Index
for example can reflect nutritional quality regarding the adequate intakes of several nutrients; however,
these scores do not consider the upper limits of intake and hence are poor indicators of the overall diet
quality. Another strength of nutrient-based indices is that nutrient dosages and their effects on health
are directly captured (Tapsell et al. 2016). However, the construction process is more data-demanding
and the conversion of food intakes into nutrient intakes could lead to additional measurement errors
(Burggraf et al. 2018).
The third consideration is the scoring system and cut-off values. Many foods show a U-shape
correlation with health outcomes. For example, moderate consumption of meat is beneficial but high
consumption is detrimental to health. As a result, it is preferred to design scoring ranges or let the score
be proportional to intake, instead of using simple cut-off values. Furthermore, scores should depend on
or adjusted for total energy intake to avoid confounding by energy intake (Waijers et al. 2007).
Regarding all the aforementioned considerations, the Mediterranean Adequacy Index (MAI)
seems to be the appropriate choice and will be adopted in the empirical analysis of this research because
of the following reasons:
•

Mediterranean diet quality indices show an overall better predictive capacity for health
outcomes than indices based on dietary recommendations (Fernadi et al. 2018).

•

This research aims to provide new evidence to assist public health policymakers with
dietary monitoring and health promotion purposes, thus the use of an index based on foods
and food groups like the MAI may lead to a more easily applied tool.

•

The MAI is a quotient measure instead of an add/subtract score, eliminating the necessity
of cut-off values. Using cut-off points based on the distribution of selected food groups in
the population being evaluated would hinder the appraisal of time trends and the
comparison between groups or studies (Bach et al. 2006).

•

This research examines trends in food consumption patterns around the world and the Food
Balance Sheet deems to be the most widely and extensively used dietary assessment method
for this purpose. The utilisation of the Food Balance Sheet dataset makes all data needed
for the MAI’s calculation readily available.

4.4.2

The Mediterranean Adequacy Index (MAI)

The MAI measures the adherence to the Italian Mediterranean dietary pattern reference (Nicotera in
1960) in two Italian cohorts of the Seven Countries Study (Alberti-Fidanza et al. 1999; Fidanza et al.
2004). It is created as a quotient between the sum of energy from typical Mediterranean diet and the
sum of energy from non-typical Mediterranean diet products. The higher the index value, the greater
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the adherence to Mediterranean diet patterns, the better the diet quality. Some typical Mediterranean
foods include bread, cereals, legumes, potatoes, vegetables, fruit, fish, red wine, vegetable oils while
non-typical Mediterranean foods include milk, cheese, meat, eggs, sugars, animal fats and margarines,
sweet beverages, cakes, pies and cookies. The formula for MAI’s calculation is given by:
∑ 𝑒𝑛𝑒𝑟𝑔𝑦 𝑖𝑛𝑡𝑎𝑘𝑒 𝑓𝑟𝑜𝑚 𝑀𝑒𝑑𝑖𝑡𝑒𝑟𝑟𝑎𝑛𝑒𝑎𝑛 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠

𝑀𝐴𝐼 = ∑ 𝑒𝑛𝑒𝑟𝑔𝑦 𝑖𝑛𝑡𝑎𝑘𝑒 𝑓𝑟𝑜𝑚 𝑛𝑜𝑛−𝑀𝑒𝑑𝑖𝑡𝑒𝑟𝑟𝑎𝑛𝑒𝑎𝑛 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠 =

𝐶𝑎𝑙𝑜𝑟𝑖𝑒𝑠 (𝑔𝑜𝑜𝑑)
𝐶𝑎𝑙𝑜𝑟𝑖𝑒𝑠 (𝑏𝑎𝑑)

(4.1)

An example of MAI values corresponding to the world regions is shown in Figure 4.3. Over
the past half a century the global MAI (denoted by the red dashed line) has remained quite stable at
around 3, meaning that the quantity of “good” calories in an average diet is three times larger than the
quantity of “bad” calories. Given the burgeoning obesity crisis worldwide over the past four decades,
the fact that the healthiness of the average diet has not changed much over the same period is surprising.
By definition, the MAI is just a quotient itself, therefore it is unable to capture the increasing amounts
of extra calories that inevitably packed on the pounds, not least the increased intake from cheap,
convenient, ultra-processed foods high in fat, sugars and salt. That is not to mention the other side of
the coin – the shift towards sedentary behaviours and physical inactivity which also plays important
roles in creating the obesogenic environment. As the MAI is simply a ratio, the rising MAI observed
for African diets has little to imply about the better food supply that has helped reduce under-nutrition
in the region but indicates improved composition of their diets. Asian diet was once the healthiest,
indicated by the historical highest MAI value which however has declined gradually and approaches
the global figure in 2013. While this declining pattern reflects that the composition of Asian diets has
varied dramatically, it does not account for millions of undernourished people in Asia that have been
lifted out of hunger. Without significant changes in the composition, diets of Europeans and Americans
are assigned with consistently lowest MAI values of slightly above 1 suggesting that their diets are
made up of roughly equal amount of “good” and “bad” calories.
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Figure 4.3 Mediterranean Adequacy Index by region, 1961-2013.

The MAI has been widely adopted by previous researchers to approximate diet quality in
studies across different disciplines (Knoops et al. 2006; Filomeno et al. 2014; Di Lascio and Disegna
2017; Menotti et al. 2017; Montero et al. 2017; Finardi et al. 2018; Kromhout et al. 2018; Metro et al.
2018; Vilarnau et al. 2019). In fact, its usefulness has been extensively tested in the earlier literature
(Alberti-Fidanza and Fidanza 2004; Balanza et al. 2007; Rodrigues et al. 2008; Alberti et al. 2009; Da
Silva et al. 2009; Bach-Faig et al. 2011; Chang et al. 2017; Finardi et al. 2018). Table 4.2 provides a
summary of the MAI’s pros and cons as a diet quality indicator.
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Table 4.2 Strengths and limitations of the MAI.
In terms of

Strengths

Limitations

• Simple and easy to calculate
Ease of calculation

• Does not need to convert food intakes

None

to nutrients using energy densities
National coverage

Identifies dietary characteristics of

Its validity at household level

different populations

needs to be confirmed
• It is debatable if potatoes and

• It is one of the most predictive
indicators of a Mediterranean diet
Representativeness
of diets

• Shows a strong inverse association
with coronary heart disease
mortality

seed oils are typical
Mediterranean diets or not
• Does not consider the overall
calorie intake
• Can be misleading for children,
pregnant and lactating women,
and those following special
diets

It is a quotient measure instead of an
Flexibility

add/subtract score, removing the
necessity of cut-off points

obtained in large-scale studies only
if dietary assessment methods are
reliable and valid

• Captures major shifts in food
availability trends over time and
Efficiency

Can be used with dietary data

• Red meat and poultry are not
separated
• Same importance is given to all

across countries
• Has satisfactory discriminating

food groups

power for longitudinal data

4.5

Chapter conclusion

There has been a shift from the traditional approach focusing on the role of single nutrients or foods on
disease development due to the complexity of human diets and the interaction among nutrients
contained within food groups. Following a more holistic approach, diets should instead be considered
as a whole when establishing any epidemiological association between overall diet and health outcomes.
As a result, methods for quantifying diet quality have evolved and a widely used method in
epidemiological studies is pre-defined diet quality indices. A large number of indices are proposed, and
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almost all of them aim to quantify the degree of adherence to a particular dietary guideline or dietary
patterns. Overall, diet quality indices can be classified into two categories: indices based on
national/international nutritional recommendations and indices based on the Mediterranean diet.
Several studies in the literature attempt to compare the great multitude of existing diet quality
indices on the basis of construction criteria and associations with health outcomes. Many similarities
and differences among available diet quality indices can be explained by the methodology for index
development, which is highly subjective due to the arbitrary choices made by the researcher. These
choices involve the selection of components that should be included in the index, the cut-off values that
should be used for each component, and the weights that should be assigned to each component.
Diet quality indices are increasingly being used to measure associations with biomarkers and
health outcomes. It is found that diet indices are associated with a reduced risk of all-cause mortality
and/or mortality and selected diseases. However, this association is attenuated when confounding
variables are adjusted. The proposed indices are adequate tools to evaluate the overall diet quality, but
they have moderate ability to predict chronic diseases and health determinants, casting doubts on the
validity of these indices.
In this research, the world’s diets are first empirically defined by cluster analysis, and a predefined diet quality index is then exploited to evaluate the diet healthiness. More specifically, the
Mediterranean Adequacy Index (MAI) is selected based on the research objectives, data availability as
well as the construction characteristics and numerous proposed advantages of this index in earlier
studies. In this regard, it is helpful to investigate the evolution of MAIs over time as it would indicate
the direction that global diets are heading towards and which diet exhibits the most worrying trend.
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Chapter 5

Changes in food consumption patterns over time

5.1

Chapter introduction

There is a general consensus that food and nutrition information is critical in monitoring the well-being
of any population and therefore should be incorporated into national information system (FAO 2018).
Without such robust information, the progress towards the achievement of Sustainable Development
Goals 1 and 2 (Ending poverty and Ending hunger respectively) could not be adequately measured
(Zezza et al. 2017). The global demand for reliable data on what people eat and drink was acknowledged
at the Second International Conference on Nutrition (ICN2) in 2014: “Nutrition data and indicators, as
well as the capacity of, and support to all countries, especially developing countries … need to be
improved in order to contribute to more effective nutrition surveillance, policy-making and
accountability” (FAO/WHO 2014, p.3). Despite unprecedented progress in the production of household
consumption and expenditure data over the last two decades, national statistical agencies are using
different methods to collect data on food consumption of their population, not to mention the great
disparity in the level of detail and the quality of data across countries (Micha et al. 2018; Ioannidou et
al. 2020; Placzek 2021).
Against this backdrop, the Food Balance Sheet (FBS) compiled by the Food and Agriculture
Organisation (FAO) of the United Nations serves as an inexpensive source of nutrition data which is
highly standardised and well suited for both within- and between-country comparison (Popkin and
Reardon 2018; Lopez Barrera and Hertel 2021). Being one of the most extensively used databases on
food supply and consumption, the FBS gives a comprehensive picture of food consumption by keeping
track of annual energy supplies of around 100 primary commodities and food aggregates for
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approximately 185 countries dating back to 1961 (FAO 2018). Notwithstanding its popularity in
empirical studies, the FBS is subject to a critical shortcoming that the consumption-level waste (food
waste at retail, restaurants, and household) is not accounted for and hence the data should be interpreted
as food available for consumption rather than actual food intake (Vilarnau et al. 2019).
Utilising the FBS data, this chapter provides a description of changing patterns of food
consumption over time. The objective is to identify noticeable dietary changes worldwide and to
highlight evidence of the nutrition transition. The great level of detail and the longitudinal nature of the
FBS data allow the detection of not only common trends but also geographical heterogeneity in the
evolution of the world’s diets.
The rest of the chapter is structured as follows. Section 5.2 assesses major changes in the
composition of the global average diet by macronutrients and by food aggregates. Section 5.3
disentangles dietary changes by the world regions and examines some indication of
convergence/divergence in the energy supply of main food groups. Section 5.4 offers some insight into
the meaningful correlation between food supply and economic development whilst Section 5.5 depicts
important trends in obesity prevalence. Section 5.6 concludes.

5.2

Evolution of the global diet

5.2.1

Diet composition by macronutrients

The energy value of food (quantified as kilocalories per capita per day, or kcal/capita/day) is a primary
indicator of food security and one of the most frequently used measures of food supply. However, the
adequate supply of other macronutrients is of crucial importance in maintaining proper nutrition. Protein,
of whatever sources, serves as the major structural component of muscle and other tissues and is needed
to produce hormones, enzymes and haemoglobin (Hoffman and Falvo 2004). Fat is another
macronutrient that plays a vital role in human diet as it facilitates the absorption of fat-soluble vitamins
and forms a structural component of cell walls (Schmid 2010).
The FBS provides data on total energy (in kcal/capita/day) as well as fat and protein supply
(both in grams/capita/day). To derive the energy supply of carbohydrates, an energy density of 4 kcal
per gram of protein and 9 kcal per gram of fat is assumed. These values are based on the FAO’s
established nutritional guidelines (FAO 2003). The quantity of calories (in kcal/capita/day) from protein
and fat is therefore calculated by multiplying the daily supply of protein (in grams) by 4, and the daily
supply of fat (in grams) by 9. The daily carbohydrate supply (in kcal/capita/day) can be given as:
𝐶𝑎𝑟𝑏𝑜ℎ𝑦𝑑𝑟𝑎𝑡𝑒 𝑠𝑢𝑝𝑝𝑙𝑦 = 𝑇𝑜𝑡𝑎𝑙 𝑐𝑎𝑙𝑜𝑟𝑖𝑒𝑠 − (𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝑠𝑢𝑝𝑝𝑙𝑦 × 4 + 𝑓𝑎𝑡 𝑠𝑢𝑝𝑝𝑙𝑦 × 9) (5.1)
Figure 5.1 shows changes in total energy as well as composition of the global diet by three
macronutrients (carbohydrate, fat, and protein) over the period 1961-2013. Overall, the daily per capita
112

calories grew relentlessly from 2,196 kcal/capita/day in 1961 to 2,884 kcal/capita/day in 2013 - an
increase of 31%. Particularly, the rise in total calories seems to be mostly driven by fat - the energy
supply of which nearly doubled in 2013. Despite a modest increase of only 19% over the period,
carbohydrate has always been the largest source of energy, followed by fat and protein.
Another feature standing out from Figure 5.1 is that not only the quantity of protein but also
the composition from different sources of protein has changed over the past half century. In fact, protein
can come from either animal or plant origin, and the quality of two protein varieties is not the same.
Animal-derived protein, also referred as complete protein, contains all essential amino acids. Plantderived protein, except from pulses, some nuts and seeds, is incomplete due to the absence of one or
two essential amino acids, and therefore is usually considered of lower quality (Hoffman and Falvo
2004). Figure 5.1 reveals a clear dominance of plant protein in the global diet, yet the more marked
growth of animal protein (63% compared with 18%) signals that the plant-to-animal ratio in protein
supply is approaching one.
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Figure 5.1 Macronutrient composition of the global diet, 1961-2013.
Figure 5.2 illustrates the contribution of energy supply from three macronutrients to the total
caloric figure as well as the proportions of protein from two sources in 1961 and 2013. While the share
of energy from carbohydrates dropped from 69% in 1961 to 63% in 2013, the energy share of protein
remained unchanged (11%) and the contribution of fat jumped from 19% to 26%. Even though
carbohydrates account for the majority energy of the global diet, its relative importance has declined,
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giving way to fat. In terms of protein composition, plants have been the main source of protein over the
past half a century; however, individuals are collecting a greater amount of protein from animal sources,
shown by a rise from 32% in 1961 to 40% in 2013. Evidence of the nutrition transition is therefore
obvious in the replacement of carbohydrate with fat and the increased consumption of animal-sourced
foods.

Figure 5.2 Energy share from macronutrients in the global diet, 1961 and 2013.

5.2.2

Diet composition by main food aggregates

As individuals consume (combinations) of foods rather than single nutrients, it would be more
meaningful to look at diet composition from the perspective of individual food aggregates. Table 5.1
reports changes in the structure of the global diet regarding twelve main food groups: (1) Cereals –
excluding beer, (2) Vegetable oils, (3) Vegetables, (4) Pulses, (5) Sugar and Sweeteners, (6) Starchy
roots, (7) Alcoholic beverage, (8) Fruits – excluding wine, (9) Eggs & Milk (excluding butter), (10)
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Meat, (11) Animal fats, (12) Fish and seafood. These food groups represent a comprehensive picture of
an overall diet in accordance with the FAO’s aggregation and they can be separated into plant-sourced
foods (1-8) versus animal-sourced foods (9-12). It is clear from the inspection of Table 5.1 that energy
intakes from most food aggregates (except starchy roots, pulses, and animal fats) increased over the
period 1961-2013, contributing to the rising calorie content of the global diet. Specifically, the growth
rate is largest for vegetable oils. This result resonates with Drewnowski and Popkin (1997) who argue
that the nutrition transition starts with a surge in the consumption of cheap cooking oils and is
characterised by the substitution of carbohydrates for fat. As Section 5.2.1 mentions the increasingly
important role of animal- versus plant-derived protein, it is worth examining the various specific sources
of protein presented in Table 5.1. While the supply of pulses – a food commodity commonly found in
diets of many developing countries declined by almost one fourth, the apparent consumption of meat
as well as other animal products (such as fish and seafood) more than doubled. Over the past five
decades, the growth rate of energy from animal-sourced foods is almost two times higher than
vegetable-sourced foods even though the latter makes up approximately 80% of the total energy supply.
So, not only we are collecting more calories, but we are consuming more from animal origin.
Table 5.1 Composition of the global diet by commodity group, 1961 and 2013.
1961

2013

Change

(kcal/capita/day)

(kcal/capita/day)

(%)

1,086

1,292

19

Vegetable Oils

113

271

140

Vegetables

44

95

116

Pulses

89

68

-24

Sugar & Sweeteners

193

236

22

Starchy Roots

175

141

-19

Alcoholic Beverages

53

69

30

Fruits - Excluding Wine

51

97

90

1,804

2,269

26

Eggs & Milk (Excluding Butter)

136

174

28

Meat

110

237

115

Animal fats

71

61

-14

Fish, Seafood

17

34

100

Total

334

506

51

2,196

2,884

31

Food aggregates
Cereals - Excluding Beer

Vegetable-sourced

Total

Animal-sourced

Grand Total

Table 5.2 shows changes in the share of energy from twelve main food aggregates to the global
diet in 1961 and 2013. Cereals remain to be the largest energy provider, however, their energy share
dropped from 49% to 45%. In 1961, sugar & sweeteners and starchy roots made up a large proportion
of the total energy intake (9% and 8% respectively). In 2013, sugar and sweeteners still represented a
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considerable proportion (8%) whilst the energy share from starchy roots dropped to 5%. On the other
hand, the proportion of energy from vegetable oils and meat increased significantly, each accounts for
approximately one-tenth of the total dietary energy. At the same time, energy contributions from
vegetables and fruits, despite a marginal increase, remained relatively low.
Table 5.2 Energy share from main food groups to the global diet, 1961 and 2013.
1961

2013

Change

(%)

(%)

(%)

Cereals - Excluding Beer

49

45

-4

Vegetable Oils

5

9

4

Vegetables

2

3

1

Pulses

4

2

-2

Sugar & Sweeteners

9

8

-1

Starchy Roots

8

5

-3

Alcoholic Beverages

2

2

0

Fruits - Excluding Wine

2

3

1

6

6

0

Meat

5

8

3

Animal fats

3

2

-1

Fish, Seafood

1

1

0

Food aggregates

Vegetable-sourced

Eggs

&

Milk

(Excluding

Butter)
Animal-sourced

Broadly speaking, two major modifications in the composition of the global diet are observed.
Foremost is the decline in the contribution of staple foods such as cereals and starchy roots which were
predominant in the ‘traditional diet’, in substitution for energy-dense foods such as vegetable oils and
sugar & sweeteners. Second, the share of animal-sourced foods in the total energy has increased, fuelled
by the shift from pulses to meat. Not only the global diet has become more calorific, but it starts to pick
up elements of the ‘Western’ diet – a trend that is predicted by the nutrition transition model. Other
evidence of the nutrition transition is available if one delves deeper into the changes regarding
individual food aggregate.
Take the case of cereals as an example. According to Table 5.1, data from the FBS indicates a
rise in the availability of cereals during the past half century. However, changes in food consumption
entail both quantity and quality dimensions. As illustrated in Figure 5.3, the supply of traditional cereals
such as maize, millet and sorghum declines whereas an increase is reported for more widely used grains
(such as rice and wheat). This variation reflects the move from coarse to more polished grains in
countries that are experiencing the nutrition transition (WHO 2003).
Another example comes from starchy roots. Represented in various forms such as cassava, yam
and sweet potatoes, starchy roots appear in commonly consumed dishes in many parts of the world. As
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indicated in Table 5.1, the supply of starchy roots reduced significantly by 19% from 1961 to 2013.
Nonetheless, the specific type of roots also altered. Figure 5.4 displays a marked decrease in the supply
of sweet potatoes over the past 50 years but a rise in the supply of potatoes – a staple in the ‘Western’
diet since the 1980s. This signals the adoption of the ‘Western’ dietary pattern in the global diet for the
last few decades.
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Figure 5.3 Daily per capita calories of cereals by commodity type, 1961 and 2013.
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Figure 5.4 Daily per capita calories of starchy roots by commodity type, 1961-2013.
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So far, the examination of composition of the global diet by main food groups has revealed
evidence for the nutrition transition that has happened over the past half a century as the global diet
becomes more calorific and ‘Westernised’. But is it a homogeneous transition across the globe or does
it better denote a common trend with regional/national nuances? The next section examines changing
patterns of food consumption regarding main regions of the world.

5.3

Evolution in diets of the world regions

5.3.1

An overview on food consumption among the world regions

Using the FBS data for regional groupings, this section presents changes in regional consumption
patterns for Asia, Africa, Europe, Oceania, Northern America and South America. Figure 5.5 depicts
the average daily caloric consumption from 1961 to 2013. Two features seem noteworthy. First, a rising
trend is observed for all regions; however, spatial variations do exist. While South America, Africa and
Asia witnessed a remarkable growth in calorie availability from as low as 1,805 to somewhat 2,779
kcal/capita/day, the calorie figure in Oceania increased slightly but with a considerable delay. On the
contrary, the total caloric supply in Northern America has plateaued since 1995. Surprisingly, the
energy supply in Europe, despite a rapid escalation in the first three decades of the period, declined
slightly and remained stagnant during 1990s. This sudden drop could be attributed by the falling calories
in the countries experiencing economic transition after the disintegration of the former Soviet
Union/block and the former Yugoslavia (WHO 2003).
Second, total calories have increased at varying speeds across world regions. The rising pace
in Asia was most substantial (54%), followed by Africa and South America (32% and 31% respectively).
On the other hand, the rises in Europe and Oceania – the two most calorific regions in 1961 were much
smaller than the average figure. Overall, a steeper rise pertains in poorer regions, signalling that national
food supplies are converging globally. The fact that the least calorific regions experienced the most
remarked growths implies the ‘catching-up’ effect in the beta convergence literature.
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Figure 5.5 Daily per capita calories by region, 1961-2013.
For a better illustration of the caloric distribution over the world, Figure 5.6 maps the calorie
content (in kcal/capita/day) by countries in 1961 and 2013. The level of calories is represented by a
shade of orange: the darker the shade, the higher the calories. It is clear from the darker colour that
individuals around the globe have accessed to an increased quantity of calories over the past half a
century. In 2013, the energy supply in countries across Europe, Oceania and North America was mostly
larger than 3,250 kcal/capita/day whereas the figure fell in the range between 2,750 and 3,100
kcal/capita/day in 1961. In poorer countries across South Asia, Sub-Saharan Africa and South America,
the caloric consumption ranged from 2,300 to 3,000 kcal/capita/day in 2013 whilst the figure was well
below 2,300 kcal/capita/day in 1961.
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Figure 5.6 World map of daily per capita calories, 1961 and 2013.
As shown in the earlier section, the global diet experienced a surge in the energy contribution
from animal products over the last five decades – an indication of the nutrition transition. Figure 5.7
compares changes in the share of animal-sourced foods among the world regions. Overall, a rising trend
is observed in most regions; however, the rising speed differs greatly. While the increase in South
America and Europe seems to be in line with the global average figure, the animal-derived energy
supply nearly tripled in Asia from 6% to 16% but remained constant in Africa (at around 8%).
Interestingly, Northern America and Oceania are the only two regions that witnessed a decrease in the
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energy share from animal-sourced foods between 1961 and 2013. Nonetheless, dwellers in these two
regions are taking almost one third of their daily calories from animal products.
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Figure 5.7 Energy share from animal-sourced products by region, 1961 and 2013.

5.3.2

Convergence versus divergence

The extant literature has documented mounting evidence for the dietary convergence that is happening
on a global scale as a result of the nutrition transition (see, inter alia, Popkin 1993; Hawkes 2006;
Kearney 2010; Popkin et al. 2012; Khoury et al. 2014; Bentham et al. 2020). Section 5.3.1 presents
evidence for the convergence in the caloric consumption of the world regions. This section further
examines the convergence/divergence among regional food consumption patterns by looking at the
evolution in calories from select food aggregates: starchy roots, vegetables, meat, and vegetable oils.
These food groups are chosen since their historical changes in the structure of the global diet are most
remarkable among the twelve main food groups reported in Table 5.1. Changes in the caloric supply of
the four food groups are plotted in Figure 5.8. In each line graph, the horizontal axis runs from 1961 to
2013, the vertical axis shows the number of calories in terms of kcal/capita/day, and each colour denotes
a world region. In order to determine convergence in each graph, the concepts of sigma convergence
and beta convergence are utilised. The former occurs if the gap between the lines reduces over time;
otherwise, divergence is detected. On the other hand, beta convergence happens when regions with the
initially lower levels of calories exhibit the most robust growth rate and thereby “catch up” with regions
having the historical higher calorie levels.
Confining attention first to starchy roots, Figure 5.8 clearly shows a declining trend for most
regions. In spite of differing initial levels in 1961, the calories from starchy roots in Asia, Oceania,
Northern America, South America, and Europe were all approaching 130 kcal/person/day in 2013.
Moreover, the gaps between the lines representing these regions have lessened, indicating (sigma)
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convergence. At the same time, Africa exhibited a diverging pattern from the rest of the world in the
sense that its calories from starchy roots have increased strongly, especially over the past 25 years.
Turning to the calories from vegetables, an upward trend is observed for all six regions, yet the
rising speeds differ greatly. The figure grew slightly in Africa and South America, and these two regions
could represent a group of the lowest consumption level. Being associated with a low level of calories
in the beginning two decades, Asia however witnessed the most remarkable growth where the calories
from vegetables almost tripled between 1961 and 2013. Particularly, the fact that the calorie figure has
been denoted by an almost straight line since 1991 suggests that the vegetable consumption in Asia
would likely continue its rising tendency and approach a level that is distinctively higher than the
remaining regions. Turning attention to Northern America, Europe and Oceania, Figure 5.8 reveals
(sigma) convergence similar to the energy supply of starchy roots. Over the past half a century, the gaps
between the lines have become narrower. Collectively these regions could represent a group of middle
level of vegetable consumption.
Regarding meat, an increasing trend is observed for all regions except Oceania. Over the past
50 years, the meat supply in Northern America, South America, and Europe rose dramatically and
seemed to be converging on the level of Oceania. Both started out at the lowest level of about 50 kcal
in 1961, the daily per capita supply in Asia has grown relentlessly and appeared to be on the trajectory
path to converge with the West, whereas the supply remained stagnant in Africa at below 100 kcal and
showed no signs of ‘catching up’ with the remaining regions.
In terms of vegetable oils, the supply was initially highest in Northern America, middle in
Europe and low in the remaining regions. Throughout the 50-year-period, the supply remained highest
in Northern America; nonetheless, the calorie figure increased dramatically and at least doubled
everywhere between 1961 and 2013. Indeed, the rising speeds vary across regions. Notably, Oceania
exhibited the most significant growth with a fivefold increase and was heading into the territory of
middle consumption level with Europe and South America in 2013. This therefore provides evidence
for the ‘catching up’ phenomenon in the beta convergence literature. In addition, Figure 5.8 illustrates
a reduction in the distance between the lines representing Asia and Africa, which is indicative of (sigma)
convergence. Diets of both regions contained the smallest number of calories from vegetable oils, at
approximately 200 kcal in 2013.
Overall, the examination of changes in the energy supply of select food groups reveals several
converging patterns as different groups representing different consumption levels can be observed in
each line graph. As a result, diets of the world regions have become more similar for example in
reducing calories from starchy roots and gaining calories from meat or vegetable oils. Nevertheless,
with regard to each food group, it is not hard to find region(s) that seemed to buck the general
upward/downward trend and diverged from the rest of the world. Hence, it can be too soon to conclude
that diets around the world are converging on a single international norm and convergence better
describes a tendency rather than a universal dietary type.
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Figure 5.8 Daily per capita calories of select food groups by region, 1961-2013.

5.4

General trends in global obesity

Major changes in the global patterns of food consumption were demonstrated in the earlier sections.
Setting aside regional/local heterogeneities, there is a common theme among the global diets: rising
calorie content and the shift towards fat and animal-based foods (typical of the nutrition transition).
These dietary changes occur in tandem with the growing worldwide epidemic of obesity which is now
recognised as one of the most important public health problems facing the world today (OECD 2019b).
This section aims to depict the important trends regarding the obesity prevalence worldwide.
Before showing the data relative to the phenomenon in different geographical areas/country
groups, it is useful to clarify what is meant by obesity. At a basic level, obesity or weight gain is
determined by an imbalance of energy. When energy intake (often measured in kilocalories) exceeds
the energy burnt off through daily activities, the excess energy (also known as energy surplus) is stored
by the body as fat and weight gain is expected. Conversely, an energy deficit is caused by consuming
less energy than what is expended in physical activity. From this arise two drivers of obesity: increased
kilocalorie intakes (particularly via consumption of fatty and sugary foods) and reduced energy
expenditure (by leading a sedentary lifestyle). It was shown earlier in this chapter that the calorie supply
went up in most countries over the past half a century. If this increase was not met with an adequate
level of energy expenditure, weight gain and a rise in obesity rates is inevitable.
WHO deems overweight and obesity as a state of excessive accumulation of fats (“adiposity”)
(WHO 2017a). An individual’s degree of adiposity cannot be immediately measured; however, there
are some proxies based on anthropometric features that can be easily measured. Body Mass Index (BMI),
defined as the ratio between weight (in kilograms) and the square of the height in metres (m 2), is the
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most used indicator (BCFN 2012). For example, an adult who weighs 70kg and is 1.7m tall will have a
BMI of 70/1.702 = 24.2. Based on the measured BMI values, an individual can be considered as
underweight, overweight, or obese. The WHO defines these different conditions using the cut-off points
in Table 5.3. An adult with a BMI greater than or equal to 25 kg/m2 is classified as being overweight,
and a BMI greater than or equal to 30 kg/m2 is defined as obese.
Table 5.3 WHO classification of underweight, overweight and obesity.
BMI (kg/m2)

Classification
Underweight

<18.50

Normal range

18.50 – 24.99
 25.00

Overweight

25.00 – 29.99

Pre-obese

 30.00

Obese
Obese class I

30.00 – 34.99

Obese class II (severe obesity)

35.00 – 39.99
 40.00

Obese class III (morbid obesity)

Source: WHO (2004).
Being recognised internationally, BMI is a quick and effective method for estimating body fat
and monitoring obesity trends at population level (Lau et al. 2020). However, it is subject to several
criticism. First, BMI is a poor indicator of percentage of body fat as it does not distinguish between
mass due to body fat and mass due to muscular physique, nor the distribution of fat (Nuttall 2015).
Other factors, such as the waist-to-hip ratio, waist-to-height ratio and the amount as well as distribution
of fat on the body are important in assessing the metabolic as well as mortality consequences of
excessive fat accumulation. As explained by Yusuf et al. (2005), waist-to-hip ratio is a better predictor
of coronary disease among BMI, waist-to-hip ratio and waist circumference. Second, the cut-off values
for BMI need adjusting when implementing for a specific ethnic. For example, Lau et al (2020)
recommend BMI cut-offs of 23 and 27.5 for Asian adults since they have a higher body fat percentage
and greater cardiovascular risks compared with non-Asian with the same BMI due to variations in
muscularity and body frame.
Data on obesity prevalence, i.e. percentage of defined population with a BMI ≥ 30 kg/m2 (%,
age-standardised) are available from the WHO Global Health Observatory data repository1. The data

1

https://apps.who.int/gho/data/node
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spans from 1975 to 2016, and can be disaggregated by geographical regions, by income groups and by
gender. Using this data set, major trends in obesity prevalence are explored subsequently.
Figure 5.9 shows the obesity prevalence by WHO regions. On average, the worldwide
prevalence of obesity almost tripled from 4.7% in 1975 to 13% in 2016. A striking increase is observed
for all regions. Back in 1975, the obesity rate was largest in Europe and Americas (around 9%) and
these two regions continue to lead with the highest rates in 2016 (23% and 29% respectively). By
contrast, the figure is smallest in South-East Asia and Western Pacific; yet, the rises are staggering,
from less than 1% of the total population being obese in 1975 to 4.7% and 6.4% respectively in 2016.
These results are in accord with the sobering fact that after 30 years of trying, no country has been able
to significantly reverse its rising obesity trend (Swinburn et al. 2011; Swinburn et al. 2019).
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Figure 5.9 Prevalence of obesity in adults by region, 1975 and 2016.
Figure 5.10 reports the obesity prevalence by World Bank income groups. Broadly speaking,
the richer the country the higher the obesity prevalence. The obesity rate has always been highest in
high-income countries where approximately a quarter of the population is obese in 2016. Once being
the “disease of the affluent”, obesity is inflicting all income levels. Particular attention should be paid
to lower-income countries in which the proportion of obese population more than tripled over the past
40 years, outpacing the speed associated with the wealthiest countries.
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Figure 5.10 Prevalence of obesity in adults by country-income level, 1975-2016.
Figure 5.11 plots the prevalence of obesity in adults for males and females. The obesity
prevalence has increased substantially for both sexes but with varying speeds. Over the past four
decades, the proportion of obese males almost quadrupled from below 3% in 1975 to 11% in 2016
whereas the obesity prevalence among females doubled from 6.4% to 15%. Also, it is worth noting that
obesity has always been more prevalent in females than males; nonetheless, the differences have waned
over time.
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Figure 5.11 Prevalence of obesity in adults by sex, 1975-2016.
127

2016

5.5

The link between food, health, and economic prosperity

The relationship between food and health is complex since everyone needs food to eat, live, and survive
but a poor diet (in terms of either quantity or quality) could result in negative consequences on health
(Bleich et al., 2015). On the other hand, Figure 5.6 indicates that the total food supply is found to be
larger in developed countries than developing countries, in richer regions (Northern America, Europe,
Oceania) than poorer regions (Asia, South America, and Africa). This seems to suggest a positive
correlation between food supply and economic status. If such a relationship is valid, it is of crucial
importance to monitor and mitigate any adverse effects of the highly calorific diets that will loom on
the horizon as countries further develop and “climb up the economic ladder”.
In order to answer the question “How does food supply relate to income?”, an illustration is
given in Figures 5.12. The interaction between food supply, health and income over time is depicted by
two bubble charts for 1975 and 2013. Each chart can be considered as a world map for food and wealth.
The horizontal axis represents the GDP per capita (in current US$) and the vertical axis represents
various levels of food supply (in kcal/capita/day). Each bubble is a country, the colour corresponds to
a geographical region, and the size denotes the obesity prevalence.
The overall message from Figure 5.12 is that food supply tends to increase as national income
rises. In 1975, on average an individual earned 1,000$ per year and consumed about 2,200 kilocalories
a day. In 2013, the average income increased fivefold, and the energy contained in an average diet rose
by almost a third to 2,800 kilocalories. Over the past four decades, not only did national economies
grow and the bubbles shift uniformly to the right, but they also moved upwards. As a result, a number
of Asian and African countries (purple and blue bubbles) eventually caught up and arrived at the same
level of calories with their European peers (grey bubbles).
Broadly speaking, individuals consume more calories in richer countries, but not the other way
around. For example, in 1975 the calorie availability in Saudi Arabia was significantly lower than in
the majority of South American countries despite its remarkably higher GDP per capita. In either bubble
chart, the evidence for high-income countries with low-calorie diets is not thin. In fact, a wide spectrum
of calories is observed between countries in the same range of income. Therefore, economic
development is a better predictor of the trend in food availability than the level of caloric consumption.
Another striking feature from Figure 5.12 is that over the past 40 years all bubbles increased in
sizes – an indication of rising obesity prevalence. Even though the causes of obesity are manifold and
often involve an array of genetic, metabolic, social, environmental, and behavioural factors, its dietary
origin is obvious. Whilst individuals are increasingly exposed to a larger quantity of calories especially
in the forms of energy-dense, ultra-processed foods, the reduced level of physical activity can easily
make the excess of calories consumed end up being stored in their body as fat and consequently weight
gain is expected.
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Figure 5.12 The food – income – health relationship, 1975 and 2013.

It should be noted that the food availability data represented in the vertical axis of the two
graphs in Figure 5.12 do not account for food waste which actually varies over time and across countries.
According to recent FAO estimates, 14% of food is lost after harvesting and before reaching the retail
level (FAO et al. 2019). While the global figure for food waste is rising, food waste by households
and/or retailers is concentrated in industrialised countries where the figure is more than 40% (FAO
2015). However, little is known about how much food is wasted by consumers at household and retail
level mostly due to the lack of data at the national and international level (Hall et al. 2009; FAO et al.
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2019). Despite some existing efforts in quantifying food waste (see, for example, Lopez Barrera and
Hertel 2021), the methodology is greatly heterogenous from country to country (Xue et al. 2017). The
bottom line is the absence of one unique definition of food waste (Bellemare et al. 2017). Without
taking into account food waste and how it varies temporally and spatially, one cannot make accurate
inference about food consumption in Figure 5.12.
Another important limitation of the FBS data is that the food availability figures only present
an average picture, ignoring the heterogeneity inherent in diets within a country. Although food
availability has increased over the past 50 years to a level that is on average higher than the amount of
calories required (Lopez Barrera and Hertel 2021), it does not necessarily mean that everyone is
obtaining sufficient calories without considering the distribution of calories within each country. For
example, poorer groups in a country may consume a particular food item less than the recommended
level whereas richer individuals may consume well above the threshold, leading to a ‘cancelling out’
effect when the average food supplies are calculated. The use of average data in this case would not
reflect the true consumption level of either group. In fact, the distributional concern is of greater
importance for developing countries who are struggling with the ‘double burden of malnutrition’, i.e.
the co-existence of undernutrition and overnutrition (Srinivasan et al. 2006). Thus, when discussing the
effect of income on food, it would be insufficient to not mention the within-country distribution as
previous studies have pointed out that obesity rates depend on income distribution (Doorslaer and
Koolman 2004; Costa-Font and Gil 2008; Drewnowski 2009; Clément et al. 2021) and perhaps so does
food consumption. In the literature, the extent to which income is distributed unevenly across a
population is defined as income inequality, and a widely used measure for income inequality is the Gini
index (Gini 1936). As shown in Section 2.5.1, this index lies between 0 and 1. A low value indicates
more equal distribution and a high value indicates more unequal distribution. Value of zero corresponds
to perfect equality while value of one corresponds to perfect inequality where income is concentrated
in the hands of one person. Existing evidence suggests that high inequalities (GINI index of over 40)
are associated with undernourishment rates above 10% in Africa and South America and moreover,
countries experiencing rising income inequality are most vulnerable to overnutrition problems (Traill
et al. 2014).
In order to illustrate the relationship of income inequality and food consumption, a graph similar
to Figure 5.12 is reproduced replacing income with income inequality index (GINI) and examining
homogenous groups of countries of low-, middle- and high-income levels. It can be seen from Figure
5.13 that high-income countries are characterised by consistently low inequality (GINI index below 40)
and high food availability in both 1993 and 2013. Regarding middle-income countries, mixed trends in
income inequality are found. For some countries (such as China and Indonesia), the substantial shift
towards the right (i.e. rising inequality) is accompanied by the strong shift upwards to a much higher
level of food availability, indicating warning signs for obesity problem. Within these countries, the
increase in food consumption (and consequently obesity rate) is mostly driven by wealthy individuals
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while the poorer segment of the population might still be struggling with hunger and undernutrition.
For other middle-income countries, the slight decrease in income inequality is coupled with a slight
increase in food consumption. The rise in food availability in such countries is thus more evenly
distributed among the rich and poor groups of the population. Finally, the pattern for low-income
countries is not clear. Overall, Figure 5.13 describes a somewhat converging trend towards inequality
index of approximately 40 and food availability of 3,000 kcal/person/day among countries of different
income levels.

China

Indonesia

China

Indonesia

Figure 5.13 The food – income inequality relationship.
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5.6

Chapter conclusion

To sum up, the past 50 years have witnessed a steady rise in food availability worldwide, coupled with
significant changes in the structure of the global diet in terms of both macronutrients and individual
food groups. These changes, such as a robust increase in fat supply, a surge in the energy contribution
of vegetable oils and meat whereas a plummet in the contribution of cereals and starchy roots, are once
again characterised by the nutrition transition that is happening worldwide.
In addition, there is evidence for the converging consumption among the world regions when
looking at total caloric supply as well as the calorie figure of starchy roots, vegetables, meat, and
vegetable oils. However, the convergence concept can be nuanced as sometimes both converging and
diverging patterns coexist. Even though the examination of global diets through the lens of geographical
regions reveals important evolutions in the quantities of calories as well as the dietary composition,
both diets and dietary shifts are greatly heterogeneous even among countries in the same region. Moving
beyond aggregate diets by geographical regions, the next chapter will employ a country-based analysis.
Using a global data set varying across countries and time, such an analysis will help to better decodify
the world’s diets by identifying the common dietary trends and dietary patterns.
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Chapter 6

Revisiting the convergence in global patterns of food consumption

6.1

Chapter introduction

In the previous chapter, different data visualisation techniques are applied to the Food Balance Sheet
data, revealing critical changes in both macronutrients and food composition of national diets. Two key
messages include: (i) rapid rising food availability over the past 50 years; (ii) a robust increase in fat
supply and in energy contribution of vegetable oils and meat, as well as a move from coarse grains to
more polished grains. But is it a universal shift and are transitional speeds uniform across countries?
In the extant literature, the abovementioned dietary changes and their nutrition impacts are
referred to as the nutrition transition – one of the five stages describing predictable shifts in dietary and
physical activity patterns (Popkin 1993; Kearney 2010; Popkin et al. 2012). While nutritional shifts are
occurring at varying speeds in different regions, the most rapid changes are observed in the developing
world (Hawkes et al. 2017). It is shown that the transition that occurred in the West over a couple of
centuries took place in developing countries within just a few decades (Popkin 2002b; Popkin and
Gordon-Larsen 2016). This seems to suggest converging diets at the global level. Various drivers from
both supply- and demand-side of the food system have been proposed for the dietary changes. Rising
incomes and urbanisation around the world are blamed for promoting diets rich in animal-source foods,
fat, salt and sugars (Martin 2019). Globalisation and its influences, including mass marketing and the
rise of supermarkets, are oft-quoted contributors to a tendency towards the consumption of energydense and processed foods (Drewnowski and Popkin 1997; Kennedy et al. 2004; Unnevehr 2004;
Oberlander et al. 2017; Martin 2018).
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Despite mounting evidence for the nutrition transition that is occurring worldwide, the literature
on dietary convergence remains limited and mainly focuses on developed countries and the European
Union. Prior studies have quantified the convergence in food consumption patterns across countries by
comparing a descriptive statistic (often the coefficient of variation) over time (Blandford 1984; Angulo
et al. 2001; Regmi and Unnevehr 2006; Regmi et al. 2008b; Nowak and Kochkova 2011) or via crosssectional/time series regression (Herrmann and Röder 1995; Elsner and Hartmann 1998; Ravallion 2012;
Ogundari and Ito 2015). The majority document convergence in the composition of diets across Western
countries and that convergence speed has slowed down. Some authors recommend taking into
consideration other explanatory variables including those mentioned in demand theory (such as price,
income, consumer preference) as well as those not mentioned (such as socio-demographics) (Herrmann
and Röder 1995; Erbe Healy 2014; Srivastava et al. 2016; Gouel and Guimbard 2019). So far, very few
studies have examined patterns of food consumption at the global level (Khoury et al. 2014; Azzam
2020; Bentham et al. 2020; Bell et al. 2021); yet, the emphasis has been mostly put on evaluating the
similarity across national diets and to date formal convergence tests have been largely missing.
This chapter examines the evolution of global diets using the daily per capita total calories
available for consumption for 118 countries over the period 1961-2013 and revisit the problem of global
dietary convergence in light of econometric tests. More specifically, this research first assesses sigma
convergence for the global average calories. Any decrease/increase in the coefficient of variation over
time indicates convergence/divergence. The concept of beta convergence is then applied to the calorie
availability data. Beta convergence refers to the phenomenon in economics whereby poor countries tend
to grow faster and ‘catch up’ with rich countries (Barro and Sala-i-Martin 1992). To test this formally,
an unconditional beta convergence model is introduced to describe the ‘catching-up’ effects in
economic development which can be measured by regressing the economic growth rates over a period
of time on the initial level of development so that beta refers to the regression coefficient. In the beta
convergence model of food consumption, a significantly negative beta coefficient indicates that lowcalorie countries of the historical past exhibit higher growth rates over time and are approaching the
calorie levels of high-calorie countries. Additionally, the structural parameters considered driving
forces behind dietary changes (Section 2.3.2, Chapter 2) are added in a conditional beta convergence
specification. Unlike the unconditional model which assumes that the growth rate of calories only
depends on the initial level of calories and structural conditions such as the population growth rate, the
rising speed of income, or the land use for food production are homogeneous across countries, the
conditional beta convergence model accommodates heterogeneous nature of countries differing in these
parameters. In essence, both diets and dietary changes are greatly heterogeneous.
The results of conditional beta convergence model could highlight that the changes in calorie
consumption are not uniform across countries and neither is the convergence process. This brings up
the question of to what extent the territorial aspects of countries are relevant in convergence analysis.
Does the country’s location matter in convergence modelling of the global diets? That the convergence
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process takes place over time and across space is a legitimate reason for taking into account the spatial
component. As it has been proven in economics literature that rich regions tend to be surrounded by
rich regions (Annoni et al. 2019), perhaps countries with high-calorie diets might likely be located near
countries with similarly high-calorie diets, implying similar convergence. While a large body of work
has emerged on the nexus between regional income convergence and the location of the region
(Chocholatá and Furková 2017; Lolayekar and Mukhopadhyay 2019), very few studies have
investigated spatial patterns in explaining health-related outcomes such as obesity prevalence (for
example, Hajizadeh et al. 2016; Stańczyk 2016). In fact, little has been done in food economics.
Conceptually, the spatial dimension should be added in a model if it plays an important role in
explaining the process of interest or it can act as a reasonable proxy for other factors not included in the
model. To illustrate the former, rice is predominantly produced and consumed in Asia due to the climate
ideal for growing rice. As an example of the latter, the neighbourhood food environment impacts food
choice: limited access to supermarkets and living in proximity of fast-food retailers could lead to
frequent purchases of less healthy food products. However, it is hard to identify and quantify the
neighbourhood characteristics but easier to look at the spatial variation, thus the space becomes an
alternative proxy. There are three practical reasons for integrating spatial dimension into beta
convergence analysis of food consumption. First, this allows to account for the fact that national diets
are spatially dependent, meaning that changes in a country’s food consumption are determined by
factors belonging to not only the country but also the neighbours. In the real world, technological
communications, knowledge diffusions, cross-border trades, migration, contagious diseases, and global
economic crises are examples showing how the socio-economic environments that facilitate food
demand and food supply of a country can extend beyond international boundaries and interact with
those of the neighbours – a phenomenon known as ‘spatial effects’ in the spatial literature. Often spatial
interdependence captures the impact of all variables that are omitted in the unconditional specification
of beta convergence model. Therefore, including spatial effects into the beta convergence model could
eliminate omitted variable bias and enable us to obtain a better estimation of the convergence pattern.
To further elaborate on the concept of countries being spatially dependent, the second reason stems
from econometric perspective: ignoring the spatial interconnectedness causes a misspecification of the
convergence model. The standard OLS approach assumes independence among the error terms whilst
this assumption can be violated if spatial interactions are found among countries (LeSage and Pace
2009; Anselin 2013). As a result, any statistical inference based on estimates from the OLS method will
not provide reliable results. Third, incorporating the spatial dimension into beta convergence analysis
allows to document and quantify spill-over effects. Knowing that public policies can interact (or “spill”)
across international borders is tremendously useful to policymakers when formulating their policies,
and this is recognised as the first important step in ensuring policy coherence (OECD 2021). Despite
these abovementioned justifications, the influence of the space on dietary convergence has been understudied in the earlier literature. This research fills this void. In the second part of the empirical analysis,
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a spatial beta convergence model is adopted. The novelty of this method is in the quantification of
spatial effects, the identification of the source of spatial interactions, and the treatment of such effects
in the beta convergence analysis.
On another note, in spatial analysis literature, the spatial interdependence between countries,
regions or counties is commonly quantified by a geographical measure such as physical distance
between locations or contiguity based on administrative boundaries. Nevertheless, an increasingly large
number of studies have extended the notion of spatial closeness beyond geography to capture network
of interaction, colonial links, and shared characteristics in for example language spoken, religion, or
origins of the legal system (Ahmad and Hall 2017). Building on this development, spatial analysis of
food consumption can also benefit from adopting a non-geographical measure of spatial proximity.
Historically, civilisations emerged primarily in regions where the natural conditions were more
favourable for stable agricultural production (Landes 1998). While weather conditions shape a
country’s productive capacity determining a person’s immediate food sources, eating practices are
conditioned by deeply rooted cultural and religious beliefs, perceptions and values which are naturally
tied to the geographical area in which one inhabits (Dekker et al. 2017). Nonetheless, that paradigm has
shifted since trade and other economic manifestations of globalisation have replaced food production
and as a result, food availability, accessibility and consumption tend to depend more on a nation’s
wealth than geographical location itself (Pawlak 2016; Sadowski 2019). Nowadays, “the root cause of
most food insecurity is poverty” (OECD 2020). Thus, economic factors have become an important
spatial dimension of food security. Against that backdrop, a great novelty of the spatial analysis in this
chapter is the examination of different kinds of spatial relationship among countries proxied by both
traditional and non-traditional proximity measures. Importantly, a proximity measure in terms of
economics rather than geography is proposed. This specification points to income level (rather than
geographical closeness) that is driving the similarities in diets observed worldwide.
The remainder of this chapter proceeds as follows. Section 6.2 presents the methods, Section
6.3 introduces the data. Section 6.4 discusses the empirical results and Section 6.5 concludes.

6.2

Methods

6.2.1

Quantifying convergence

Convergence theories
Convergence in the most general sense refers to a process of gradual reduction in differences among
observed countries during a certain period of time. For economists, the convergence of income between
countries/regions has long been an intriguing topic. The term ‘income’ is a general one and depending
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on the research topic and objectives, it can be GDP per capita, wage per worker, consumption level, etc.
Different convergence concepts are described in Section 2.5 (Chapter 2). Briefly, there are two main
convergence theories in convergence empirics: sigma and beta convergence.
Sigma convergence refers to the reduction in cross-sectional dispersion of income over time
(Quah 1993), while beta convergence occurs when economies with initially lower levels of income tend
to grow faster than and ‘catch up’ with those with initially higher levels of income (Baumol 1986; Barro
and Sala-i-Martin 1992).
The concept of beta convergence is supported by the neo-classical growth model (Solow 1956)
which argues that the source of convergence is the diminishing return to capital. In simple terms, it
means that national incomes converge with one another in the long-term regardless of the initial
conditions – a hypothesis commonly known as unconditional (or absolute) beta convergence. The
absolute beta convergence is usually tested through a cross-sectional equation regressing the average
growth rates on the initial income levels. Absolute convergence is detected by a negative association
between average growth rates and initial income levels even if no other explanatory variables are
included in the regression model (Barro and Sala-i-Martin 1992). The assumption is that countries
eventually converge to the same global steady state equilibrium.
If national incomes converge with one another in the long-term only providing that their
structural conditions (such as technologies, human capital, population growth rates, legal institutions)
are identical, that implies conditional beta convergence (Mankiw et al. 1992). The equilibrium differs
by economy, and each country approaches its own unique equilibrium. In the case of conditional
convergence, the negative relationship between initial incomes and the average growth rates holds only
after controlling for the structural characteristics. Therefore, the cross-sectional regression equation
testing conditional beta convergence includes other controls as explanatory variables.
However, some researchers argue that countries sharing similar structural characteristics and
initial factors (for example, GDP per capita, human capita, preferences, public infrastructure) converge
with one another in the long-term but need not converge on the same equilibrium path (Galor 1996).
This gave rise to the club convergence hypothesis according to which countries belonging to the same
‘club’ move toward a club-specific steady-state equilibrium, and there is no convergence across
different sets of equilibria. The empirical testing of club convergence usually involves the regressionbased technique developed by Phillips and Sul (2007) to endogenously classify countries with similar
characteristics into unique groups (or clubs).
Approaches to testing convergence in patterns of national food consumption
The concept of convergence has been applied in food economics for the past few decades. A summary
of the related literature is provided in Section 2.5.2 (Chapter 2). In this chapter, sigma and beta
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convergence theories are examined for food availability data to determine whether or not national diets
are becoming more alike.
An initial step is to investigate how the mean deviation of the global average figure for total
calories changes over time. The dispersion in per capita daily calories, measured by the coefficient of
variation (CV), is calculated as:
1

𝐶𝑉𝑡 =

̅𝑡 )2
√𝑁 ∑𝑁
𝑖=1(𝑦𝑖𝑡−𝑦
𝑦̅𝑡

(6.1)

where 𝑦𝑖𝑡 is the per capita daily calories observed in the t-th year for the i-th country, 𝑦̅𝑡 is the average
per capita daily calories in the t-th year for all countries. Any reduction in the CV indicates a decline in
the dispersion among countries, thus suggesting sigma convergence.
In order to quantify this converging pattern, absolute beta convergence will be then examined.
This specification involves regressing the cross-sectional growth rates on the initial levels. In this
analysis, a simplified version of the growth equation shown in Barro and Sala-i-Martin (1992) is utilised.
Specifically, the following linear regression is estimated:
𝑦𝑖,𝑡 +𝑇
1
log ( 𝑦 0 )
𝑇
𝑖,𝑡0

= 𝐵 + 𝛽 log(𝑦𝑖,𝑡0 ) + 𝜀𝑖

(6.2)

where 𝑦𝑖,𝑡0 and 𝑦𝑖,𝑡0 +𝑇 are respectively the per capita daily calories of country i at the initial and final
periods; 𝑇 is the number of years; 𝜀𝑖 is the standard error being independently and identically
distributed with mean 0 and variance 𝜎𝜀2 . The left-hand side of equation (6.2) represents the average
annual growth rate of per capita daily calories of the i-th country.
If 𝛽 is significantly negative, there is an inverse relationship between the initial calorie level
and the calorie growth rate that is indicative of convergence; a significantly positive 𝛽 implies
divergence. The estimated 𝛽 also indicates the rate at which regions approach their steady state, i.e. the
speed of convergence. From the estimation of 𝛽, the annual speed of convergence can be computed as:

𝜃=−

ln (1+𝑇𝛽)
𝑇

(6.3)

and the half-life (the number of years required for progress halfway towards the steady-state level when
convergence is assumed to have been achieved) is given by:
𝑙𝑛2

𝜏 = − ln (1+𝛽)

(6.4)

However, the intercept in equation (6.2) may be influenced by structural factors that vary
among groups of countries, directing them on a path to different steady-state levels. For example, Barro
and Sala-i-Martin (1992) cite the between-country differences in technology or consumer preferences.
Since the rate of convergence might be influenced by such structural differences, the intercept could
vary among countries at different levels of development. Therefore, the beta convergence model
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represented in equation (6.2) will be further investigated among four country groupings: low-income,
lower-middle-income, upper-middle-income, and high-income. Furthermore, a conditional beta
convergence specification can be introduced by incorporating the structural factors affecting dietary
changes into the right-hand side of equation (6.2) as additional explanatory variables.
6.2.2

Incorporating spatial effects into regression models

In the second part of this chapter, the global dietary convergence is examined by the means of spatial
data analysis. Spatial dependence, or spatial autocorrelation, refers to the existence of a functional
relationship between a phenomenon happening in a location and what happens in other locations
(Anselin 1988). Spatial autocorrelation is positive when similar values for a variable are clustered
together and negative when dissimilar values are clustered in space.

An overview of spatial dependence
The First Law of Geography, according to Tobler (1970, p.236), states that “Everything is related to
everything else, but near things are more related than distant things”. This has been the fundamental
foundation for the concept of spatial dependence in spatial analysis which deals with interaction effects
among geographical units (for example cities, municipalities, regions or countries). As spatial units (say
countries) have closer and further neighbours, it is reasonable to assume that the proximity in space (say
geographical closeness) can have an influence on different characteristics (say income).
Since the seminal papers by Cliff and Ord (1973, 1981), much of the spatial analysis literature
has elaborated to handle spatial interactions. In the past, models that explicitly incorporated space or
geography were developed in regional studies (Anselin 1992; Anselin and Rey 1997). However, the
notion of space is not restricted to geographical meaning and “there is more to space than geography”
(Beck et al. 2006). This idea is conveyed in Tobler’s Second Law (Tobler 2004) which argues that
“proximity and near can take on many meanings in different situations”. Recently, many spatial studies
handle cross-unit interactions in situations such as social network (Kelejian and Prucha 2010; Drukker
et al. 2013), the economic diffusion of local labour markets, or electoral systems in political science
(Manski 2000). In-depth reviews on spatial techniques and their usages are referred to Anselin (1988),
Griffith (1988), Haining (1990), Cressie (1993), Haining (2003), Anselin (2006), Arbia (2006), LeSage
and Pace (2009) and Anselin (2010). Though the adjective spatial is consistently used throughout this
thesis to avoid confusion, the wider applicability of spatial models still remains.
In general, there are sound rationales for the need of spatial models. First, spatial, organisational
or social interactions between economic agents are common phenomena in economics. The decision of
an economic agent might depend on the decision of other agents, and the decision made by an economic
agent could be reliant on a scarce resource (Anselin 2002). An example of the former is given in the
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context of competition where a firm wants to maximise its profits by considering the production levels
of its competitors and its own characteristics (such as availability of raw materials, number of workers,
labour productivity, etc). In the latter case, the quantity of the scarce resource consumed by a production
firm depends on the quantity consumed by competing firms. These two examples conveniently highlight
that the notion of the ‘space’ is not strictly geographical.
In addition to the above economic reasons, spatial interaction models are attractive from an
econometric point of view. Often in economics one needs to explicitly account for the interaction of an
economic agent with heterogeneous agents due to social norms, neighbourhood effects, copycatting.
Such models seek to determine how the magnitude of a variable at a given location is influenced by
values of the same variable at other locations (“spatial autocorrelation”). Besides, the growing
popularity of spatial data thanks to the incorporation of geographic information system (GIS) as well
as the availability of geocoded data reinforces the urge to account for spatial autocorrelation of residuals
within spatial data. This type of dependence, if it exists, will violate a key assumption of the OLS
estimation (independence of residual terms), thus OLS estimators will be less accurate or even biased,
and inconsistent (LeSage and Pace 2009; Anselin 2013). Because of spatial interactions, in the linear
model 𝑦𝑖 = 𝛼 + 𝛽0 𝑥𝑖 + 𝜀𝑖 it does not hold that 𝜀𝑖 ~𝑖. 𝑖. 𝑑 (independently and identically distributed).
In the simplest terms, autocorrelation means the correlation of a variable with itself. For time
series where observations are aligned in a linear order and the frequency of the series is set, the temporal
dependence (or temporal autocorrelation) refers to the phenomenon that values of a variable depend
on past values of the same variable, and the subscripts "𝑡 − 1", "𝑡 − 2", . . . , "𝑡 − 𝑙" are used to denote
observations of the same variable at different time lags. In spatial analysis, the primary focus lies in the
correlation between values of a variable at different locations, and the dependence structure is usually
arranged in the so-called spatial weight matrix 𝑊, which will be discussed in the next section. Similar
to the case of temporal autocorrelation, the OLS approach is inadequate and the estimations can be
inconsistent and biased (Anselin and Bera 1998; LeSage and Pace 2009). Spatial dependence however
is not a straightforward extension of temporal dependence. To illustrate, two geographical units can
influence each other mutually, representing multidirectional nature (region A ↔ its neighbours ↔ other
regions ↔ region A) whereas two observations in time exhibit unidirectional interaction (past →
present). In addition, the existence of numerous measurements that could quantify spatial relationship
(distance, neighbours, connections to name a few) presents another challenge in modelling spatial
dependence as compared to capturing the only dimension (time) in temporal dependence (Getis 2007).
These complexities lead to an expansion of the recent literature to developing theoretical and
methodological frameworks on this issue (Griffith 2005; LeSage and Pace 2009; Anselin 2010). Even
though the exploration of spatial dependence dates back over 40 years (Cliff and Ord 1969), many basic
questions regarding the construction method and the testing procedure remain unsolved (Chen 2013).
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Part of the disagreement involves the specification of spatial weight matrix W, which describes
the spatial relationship among spatial units. Any modification of this matrix presents a new spatial
dependence structure and will potentially change the results of a spatial model.

Spatial weight matrix: construction and specification
If there are 𝑁 cross-sectional units, the non-negative (𝑁 × 𝑁) square matrix 𝑊 = (𝑤𝑖𝑗 : 𝑖, 𝑗 = 1, … , 𝑁)
is called the spatial weight matrix summarising the spatial relationship. Each spatial weight 𝑤𝑖𝑗
represents the spatial influence of the j-th unit on the i-th unit. It is assumed that 𝑤𝑖𝑖 = 0 for all 𝑖 =
1, … , 𝑁 (a unit does not influence itself directly); and hence the spatial weight matrix has zero diagonal.
Two units 𝑖 and 𝑗 are neighbours if 𝑤𝑖𝑗 > 0, and not neighbours when 𝑤𝑖𝑗 = 0. The neighbourhood of
the i-th unit is the set of observations with which it has a certain spatial linkage (i.e the spatial weight
greater than 0). Despite being relatively simple and intuitive, the construction of the spatial weight
matrix 𝑊 is highly debatable and does not involve any standard protocol. The foremost challenge is
how to define the space metric adequately for the problem at hand. Space here could be geography or
something else (proximity, remoteness or a function of economic, social, cultural factors). Once an
appropriate definition of space is chosen, a measure for the strength of spatial relationship is required.
Various ways to construct 𝑊 have been proposed in previous studies depending on the
definition of spatial relationship, and two most popular approaches include: (i) boundary-based and (ii)
distance-based. The boundaries (due to either geographical or administrative nature) shared between
spatial units play an important role in determining the spatial influence. Often, it involves the concept
of contiguity which means that two spatial units share a common border of non-zero length. For
instance, France is contiguous to Spain, France is contiguous to Germany, and Spain is not contiguous
to Germany. Boundary-based matrices are easy to comprehend, yet it can be problematic in the case of
isolated regions (for example, Sicily island in Italy, or Malta). One solution is to assign the nearest
region as the only neighbour or to modify the method accordingly. Also, the concept of boundary is
adequate for polygon regions but not for points.
On the contrary, distance-based matrices translate the spatial weights as a function of how far
two spatial units are from each other. A distance measure 𝑑𝑖𝑗 between the i-th and j-th units indicates
the intensity of the spatial linkage between two units. 𝑊 is then established to reflect the distance decay,
or in other words further units exert weaker influence than closer ones. It is easy to think of 𝑑𝑖𝑗 as a
distance between points but it can represent a distance between polygon centroids or central points.
Unless the distance 𝑑𝑖𝑗 is given explicitly, it can be computed from a wide range of distance metrics
that are introduced in Section 3.2.2 (Chapter 3). This method works well even in the presence of isolated
regions, when the spatial units are no longer characterised by polygons but points, and when the logic
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of border-sharing is invalid. Another advantage is that the spatial distance can be measured in a nongeographical way (Corrado and Fingleton 2012).
Based on these two approaches, the main types of spatial weight matrices are as follows.
Contiguity weight matrix
The entries of a spatial contiguity weight matrix indicate whether the spatial units share a boundary or
not. The spatial weights are given by:
1 𝑖𝑓 𝑢𝑛𝑖𝑡𝑠 𝑖 𝑎𝑛𝑑 𝑗 𝑎𝑟𝑒 𝑐𝑜𝑛𝑡𝑖𝑔𝑢𝑜𝑢𝑠
𝑤𝑖𝑗 = {
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(6.5)

Despite being simple in its representation, the definition of contiguity is not obviously
determined in particular for spatial units in polygon/grid shapes. Different contiguity types have been
considered, among which the three most common ones are Rook, Bishop and Queen, in analogy to the
moves for such pieces on a chess board. Two areas are neighbours if they share at least two common
boundary points according to Rook’s criterion and at least one common boundary point following
Queen’s contiguity. In the sense of Bishop’s definition, two polygons are adjacent if they share a
common node. Figure 6.1 demonstrates how Rook, Bishop and Queen’s contiguity are defined. The
neighbours of the unit 𝑖 take the colour shades while the non-neighbours are not coloured.

Figure 6.1 Different contiguity criteria.

K-nearest neighbour distance weight matrix
Following this approach, the distances between a given observation and the rest of the set are computed,
ranked, and on the basis of which the k-closest observations are considered as neighbours of the given
observation. Let the distances from each spatial unit 𝑖 to all units 𝑗 ≠ 𝑖 be ranked as 𝑑𝑖𝑗(1) ≤ 𝑑𝑖𝑗(2) ≤
⋯ ≤ 𝑑𝑖𝑗(𝑁−1) . Then for each 𝑘 = 1, … , 𝑁 − 1, the set 𝑁𝑘 (𝑖) = {𝑗(1), 𝑗(2), … , 𝑗(𝑘)} contains the knearest units to 𝑖. For each given (non-negative) 𝑘, the k-nearest neighbour weight matrix 𝑊, has spatial
weights of the following form:
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1 𝑖𝑓 𝑗 ∈ 𝑁𝑘 (𝑖)
𝑤𝑖𝑗 = {
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(6.6)

Radial distance weight matrix
An alternative way to define neighbourhood is to draw a circle of a pre-defined radius with the i-th unit
being the centre and consider all observations inside the circle neighbours of 𝑖. Let 𝑑𝜃 be the predefined threshold distance between two units beyond which there is no direct spatial effect between
spatial units. There is an assumption of non-diminishing effects in distance up to the threshold 𝑑𝜃 .
Figure 6.2 illustrates the k-nearest neighbour distance and radial distance. The spatial weights of the
radial distance weight matrix are given by:
1 𝑖𝑓 0 ≤ 𝑑𝑖𝑗 ≤ 𝑑𝜃
𝑤𝑖𝑗 = {
0 𝑖𝑓 𝑑𝑖𝑗 > 𝑑𝜃

(6.7)

Figure 6.2 K-nearest neighbour distance versus radial distance.

Negative power distance weight matrix
Unlike the previous matrices which are binary, negative power distance weight matrix has continuous
weights. The spatial weights take the following form:
−𝛼
𝑤𝑖𝑗 = 𝑑𝑖𝑗

(6.8)

where 𝛼 is a positive integer (usually 1 or 2). If 𝛼 = 1, 𝑊 is referred to as inverse distance matrix.
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Exponential distance weight matrix
This is an alternative to the negative power distance. The spatial weights are determined by:

𝑤𝑖𝑗 = 𝑒 −𝛼∗𝑑𝑖𝑗

(6.9)

where 𝛼 is a positive integer.

Once the spatial weight matrix 𝑊 is developed, it is a common practice to normalise the spatial
weights to remove any dependence on the scales (for example the measurement unit of distance in
̃ =
exponential or negative power distance weight matrix). Assuming that the normalised matrix 𝑊
̃ have
(𝑤
̃ 𝑖𝑗 ) is derived from the original spatial weight matrix 𝑊 = (𝑤𝑖𝑗 ). Various ways to obtain 𝑊
been proposed, and the most popular techniques include row normalisation and scalar normalisation.
𝑤
̃ becomes 𝑤
Regarding row normalisation, the (i, j)-th element of 𝑊
̃ 𝑖𝑗 = 𝑖𝑗⁄𝑟𝑖 , where 𝑟𝑖 is the
̃ will sum up to one:
sum of the i-th row of 𝑊 . After row normalisation, each row of 𝑊
̃ matrix. Since 𝑊
∑𝑁
̃ 𝑖𝑗 = 1, 𝑖 = 1, … , 𝑁 . The symmetric 𝑊 matrix will produce an asymmetric 𝑊
𝑗=1 𝑤
is non-negative, all weights 𝑤
̃ 𝑖𝑗 are between 0 and 1. In practice, 𝑊 can also be column normalised so
that elements of each column sum up to one. The column elements of a spatial weight matrix show the
impact of a particular unit on all other units, while the row elements of a spatial weight matrix display
the impact on a particular unit by all other units. Due to row normalisation, the impact on each unit by
all other units is equalised whereas column normalisation makes the impact of each unit on all other
units equalised (Elhorst 2014). In spite of being a common approach, row normalisation is not without
criticism. Kelejian and Prucha (2010) warn that row normalisation might lead to misspecification
problem. This is particularly true when the inverse distance matrix is row normalised since the economic
interpretation reflected by distance decay will no longer be valid (Anselin 1988; Elhorst 2001). Row
normalisation also alters the internal structure of W and hence the comparison between rows becomes
troublesome (Elhorst 2014).
̃ is derived by
An alternative to row normalisation is scalar normalisation in which 𝑊
multiplying W with a scalar 𝜓 . The main benefit of scalar normalisation is that the symmetry and the
internal structure of spatial weight matrix are preserved. Often:
𝜓 = 1⁄𝑤𝑚𝑎𝑥

(6.10)

where 𝑤𝑚𝑎𝑥 represents the largest element of 𝑊 (Elhorst 2001; Kelejian and Prucha 2010). This
ensures that the resulting spatial weights 𝑤
̃ 𝑖𝑗 are between 0 and 1.
̃ by selecting:
Another option is to derive the min-max normalised matrix 𝑊
𝜓 = 1⁄𝑚
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(6.11)

where 𝑚 = min{𝑚𝑎𝑥𝑖 (𝑟𝑖 ), 𝑚𝑎𝑥𝑖 (𝑐𝑖 )}, with 𝑚𝑎𝑥𝑖 (𝑟𝑖 ) and 𝑚𝑎𝑥𝑖 (𝑐𝑖 ) being the largest row sum and
column sum of 𝑊 (Kelejian and Prucha 2010).
Alternatively, to obtain a spectral-normalised matrix the scalar is set as:
𝜓 = 1⁄𝛾

(6.12)

where 𝛾 is the largest eigenvalue of 𝑊 (Ord 1975).
The existence of numerous methods to develop the spatial weight matrix poses a question of
selecting the optimum 𝑊. Previous researchers advise that any choice should be backed up by a solid
theoretical standpoint (Kelejian and Prucha 2010; Corrado and Fingleton 2012; Neumayer and Plümper
2016). In reality, the construction procedure is subjective (Chen 2012) and economic theory
underpinning spatial econometric applications often has little to guide the specification of 𝑊 (Anselin
2002; Leenders 2002). Therefore, examining the robustness of the results derived from a spatial model
subject to the specification of the spatial weight matrix is usually recommended (Elhorst 2014). Despite
these criticisms, the ultimate concern should be: ‘Does 𝑊 adequately represent the spatial linkages
between units regarding the variable of interest?’.
Having specified an appropriate spatial weight matrix, the next step before identifying a spatial
model is to ensure that a spatial phenomenon does exist. Both graphical visualisation and statistical tests
can characterise spatial dependence if it exists in the data. The next section introduces the most popular
statistical procedures to measure spatial autocorrelation.

Detecting spatial dependence
To review, spatial autocorrelation measures the correlation of a variable of interest (say calorie intake)
with itself across space (say European countries). Positive spatial autocorrelation suggests that
observations closer together have more similar values, for example the number of calories in an average
German diet is more comparable to an Austrian diet than a Greek. Conversely, negative spatial
autocorrelation suggests that observations close together have dissimilar values than observations
further away. This occurs when for instance the calorie content of a German diet is more different from
an Austrian diet than a Greek. The task of a spatial autocorrelation test is to determine if a variable is
more positively or negatively spatially autocorrelated than one would expect in a random distribution.
It should be made clear that the test of spatial autocorrelation can be run for: (i) cross-unit
observations of a variable of interest, (ii) residuals from a linear regression model estimated by OLS
technique (to evaluate if a spatial interaction model is needed), (iii) residuals from a spatial regression
model. Thus, the identification of spatial autocorrelation can be done before or after estimating the
regression model. In any case, the spatial dependence structure, represented by 𝑊, should be provided
externally and results of the spatial autocorrelation tests are conditioned to that information. Broadly
speaking, spatial autocorrelation testing procedures can be categorised into two classes: (i) general tests
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without a specified alternative hypothesis (the most popular ones include Global and Local Moran’s I
statistics), and (ii) specific tests with a specified alternative hypothesis (for instance LM test and its
variants).
Among the proposed measurements, Global Moran’s I statistics (Moran 1950a, 1950b) – a
generalisation of Pearson’s correlation coefficient is unarguably one of the most widely used indices to
calculate spatial autocorrelation. The intuition behind this index is pretty straightforward. Returning to
the food consumption example above, assume that a researcher wants to measure how similar or
different the calorie consumption in Germany is from other countries in Europe. One way to do this is
to compare how much the intake in Germany differs from the average (of all European countries) versus
how much the intakes from the remaining countries (its neighbours) differ from the average. If German
intake is much higher than the regional average and its neighbours have much higher consumption
levels than the average, there exists positive spatial autocorrelation. Likewise, if the intakes of Germany
and its neighbours are much lower than the average, there also exists positive spatial autocorrelation.
Nonetheless, if the calorie consumption is much higher in Germany but much lower in its neighbours
than the European average (or vice versa), the spatial autocorrelation would be negative.
The formula to compute the Global Moran’s I index is given by:
𝑁

𝑁
∑𝑁
𝑖=1 ∑𝑗=1 𝑤𝑖𝑗 ×𝑧𝑖 ×𝑧𝑗

0

2
∑𝑁
𝑖=1 𝑧𝑖

𝐼=𝑆 ×

(6.13)

where 𝑧𝑖 is the deviation from the mean (𝑥𝑖 − 𝑥̅ ) of the value of variable at the location i; 𝑤𝑖𝑗 is the
spatial weight determining the relationship between locations i and j; 𝑁 is the total number of
𝑁
observations; S0 is the sum of all the spatial weights: 𝑆0 = ∑𝑁
𝑖=1 ∑𝑗=1 𝑤𝑖𝑗 .

The Global Moran’s I index ranges between -1 and 1. Positive (or negative) value indicates
positive (or negative) spatial autocorrelation, i.e. observations move in same (or opposite) direction as
their neighbours. A value of zero indicates that observations follow a random pattern in space.
Regarding its advantages, Global Moran’s I statistics is shown to be locally best invariant (King 1981)
and is proved by Anselin and Florax (1995) to consistently outperform the proposed alternatives such
as the tests of Burridge (1980) and Anselin (1994), or the robust tests of Kelejian and Robinson (1992).
The formula in equation (6.13) shares some similarities with the Durbin-Watson test for
temporal autocorrelation in time series analysis (Anselin and Bera 1998), and can be applied to a
variable of interest or residuals from a linear regression model. Similar to other analyses, it is important
to know if the computed Moran’s I value is significantly different than the “ideal” value representing a
random distribution. This would be possible if the variance of 𝐼 is known. This variance can be
computed in three different ways: Monte Carlo simulation, normality of 𝑥𝑖 , and randomisation of 𝑥𝑖 .
The second approach assumes that the random variable 𝑥𝑖 follows a normal distribution whereas this
normality assumption is not necessary following the third approach, but it instead considers the
146

observed values of 𝑥𝑖 to be repeatedly randomly permuted. A spatial autocorrelation test based on the
Global Moran’s I statistic can be formulated with the following hypotheses:
H0: there is no spatial autocorrelation (𝐼 = 0);
Ha: there are spatial effects (𝐼 ≠ 0).
The alternative hypothesis could be one-sided or two-sided, however, the specific process that generates
spatial effects (i.e. the source of spatial effects) is not stated.
In the above discussion, the Global Moran’s I statistic is explored to assess the similarity or
spatial dependence across locations with respect to a variable of interest (say calorie consumption). In
other words, are countries with similar calorie intakes located close together or are consumption levels
randomly distributed across Europe? To recap, the significance of the Global Moran’s I gives evidence
for the existence of spatial autocorrelation (i.e. observations are not spatially distributed in a random
manner), the sign of the index (negative/positive) suggests whether observations near each other tend
to be like/unlike each other, and its value indicates the strength of the association. It is worth noting that
the Global Moran’s I index is a global statistic that describes the spatial distribution of the entire dataset
with a single value. In doing so, the Global Moran’s I statistic compares how similar every observation
is to its neighbours, and then averages out all these comparisons to give an overall idea about the spatial
pattern of the variable. While the global statistic is useful in summarising the whole map, it tends to
average local variations in the strength of spatial autocorrelation and thus does not allow to have further
insights into interesting geographical subsets of the data. Particularly, in addition to global trend in the
entire sample some localities exhibit values that are extreme, geographically homogeneous, and not in
line with the global trend. In this case, it is interesting to identify hot spots or cold spots regions where
the value of the variable under consideration is extremely pronounced across localities. This however
can be deducted by the Local Moran’s I statistic, also known as Local Indicators of Spatial Association
(LISA) (Anselin 1995). Unlike the Global Moran’s I statistic, each location in space, i, has its own
unique spatial autocorrelation value as well as its own variance.
The Local Moran’s I statistic can be calculated by:

𝐿𝐼𝑖 =

𝑥𝑖 −𝑥̅
𝑆𝑖2

× ∑𝑁
𝑗=1,𝑗≠𝑖 𝑤𝑖𝑗 (𝑥𝑗 − 𝑥̅ )

(6.14)

where 𝑥𝑖 is the value at location i; 𝑥̅ is the mean value of all observations; 𝑤𝑖𝑗 is the spatial weight
between locations i and j; 𝑁 is the total number of observations, and 𝑆𝑖 is the variance defined as: 𝑆𝑖2 =
2
∑𝑁
𝑗=1,𝑗≠𝑖(𝑥𝑗 −𝑥̅ )

𝑁−1

.

Similar to the Global Moran’s I index, a spatial autocorrelation test can be conducted for the
Local Moran’s I index. To derive p-values of the Local Moran’s I index, the Bonferroni adjustment
method is utilised and the number of neighbours for each unit is required. In short, the Bonferroni
correction divides the level of significance  by the average number of neighbours in each test (Anseline
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1995). If the adjusted p-value is lower than 0.05, the Local Moran’s I statistic is said to be significant
at 5% significance level.
A significantly positive value of 𝐿𝐼𝑖 indicates that location i has neighbours with similarly high
or low values, and the location is called a “spatial cluster”. A negative value of 𝐿𝐼𝑖 indicates that the
value at location i is different from its surrounding locations, and location i is a “spatial outlier”.
Classifying each observation in the data set depending on the value of itself and its neighbours, the
Local Moran’s I can detect concentrations of high values (“hot spots”), concentrations of low values
(“cold spots”) as well as spatial outliers. Are there countries in the sample with anomalous calorie
intake? Where can we find the unexpectedly high calorie consumption across the sample? The local
statistic helps to answer these questions.
In addition, the values of the Local Moran’s I can be plotted in a scatterplot to show the
relationship between each location and the average of its neighbours. An example is given in Figure
6.3. The horizontal axis represents value at location i, whereas the vertical axis represents values in the
neighbourhood of i. Since the graph is centred on the mean (of zero), considering the x-axis all points
to the right of the vertical line 𝑥 = 0 represent values higher than average whereas all points to the left
represent values lower than average. These values are respectively referred to as “high” and “low”.
Likewise, considering the y-axis points above and below the horizontal line 𝑦 = 0 can be regarded as
“high” and “low” respectively.
An important feature of the Moran scatterplot is the connection between Global and Local
Moran’s I statistics by classifying the nature of the spatial autocorrelation into four categories. Points
in the top right corner of the scatterplot denote locations in which values at location i and its neighbours
are “high” (above the mean), signalling positive spatial autocorrelation. Points in the lower left corner
of the plot indicate locations in which values at location i and its neighbours are “low” (below the
mean), also suggesting positive spatial autocorrelation. Points in the top left corner of the plot represent
locations in which the value at location i is “low” while values at its neighbours are “high”. In contrast,
points in the lower right corner represent locations where the value at location i is “high” but values at
its neighbours are “low”. Both situations describe negative spatial autocorrelation. Therefore, based on
the values of the Local Moran’s I statistic, a location can be categorised into four groups: High-High
(cluster of high values, or hot spots), Low-Low (cluster of low values, or cold spots), High-Low (outlier
with a high value and is surrounded primarily by neighbours with low values), or Low-High (outlier
with a low value and is surrounded primarily by neighbours with high values).
Finally, the slope of the linear fitted line in the Moran scatterplot equals value of the Global
Moran’s I statistic. In Figure 6.3, the best fit line is coloured in red, indicating the presence of positive
spatial autocorrelation in the entire data set.
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Figure 6.3 Moran scatterplot.
It is worth noting that the Global and Local Moran’s I statistics are general tests for spatial
autocorrelation, meaning that they provide a measure of how similar locations are to their neighbours
without addressing the source of spatial dependence. Unlike these statistics, classic LM (Larange
Multiplier) tests (Anselin 1988) and robust LM tests (Anselin et al. 1996) are specific tests. Therefore,
the LM test and its variants can discriminate the source of spatial dependence and identify a more
appropriate spatial model alternative. Both classic and robust LM tests are run for the residuals of the
OLS model and follow a chi-squared distribution with 1 degree of freedom. The purpose is to justify
the need of an alternative spatial model. The null hypothesis of no spatial autocorrelation is tested
against a specific alternative hypothesis based on the type of LM tests. Below is the list of hypotheses
according to the LM test and its variants (Kelejian and Prucha 2001), the name of the test is given inside
the parentheses. Each alternative hypothesis suggests an alternative spatial model, the details of these
models are discussed in the next section.
H0:

there is no spatial autocorrelation;

Ha (LM-err): spatial error model;
Ha (LM-lag): spatial lag model;
Ha (RLMerr): robust version of LM-err;
Ha (RLMlag): robust version of LM-lag;
Ha (SARMA): a combination of RLMerr and RLMlag.
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Specifying a spatial regression model
Spatial regression deals with the specification, estimation and diagnostic tests of regression models that
include spatial effects. The starting point is the non-spatial linear regression model given as:
𝑦𝑖 = 𝛼 + ∑𝐾
𝑗=1 𝛽𝑖𝑗 𝑥𝑖𝑗 + 𝜀𝑖 ,

𝑖 = 1, … , 𝑁

(6.15)

where 𝑦𝑖 is the dependent variable corresponding to the i-th observation, 𝛼 is the intercept, 𝑥𝑖𝑗 (𝑗 =
1, … , 𝐾) denotes the j-th independent variable of the i-th observation, 𝐾 is the number of exogeneous
independent variables, 𝛽𝑖𝑗 represents the coefficients to be estimated, and 𝜀𝑖 is the error term. It is
convenient to rewrite the model in (6.15) in matrix notation as:
𝑌 = 𝛼𝚤𝑁 + 𝑋𝛽 + 𝜀

(6.16)

where 𝑌 denotes an 𝑁 × 1 vector of the dependent variable for each observation in the sample (𝑖 =
1, … , 𝑁), 𝚤𝑁 is an 𝑁 × 1 vector of ones associated the constant 𝛼 to be estimated, 𝑋 is an 𝑁 × 𝐾 matrix
of the independent variables (𝐾 is the number of exogeneous independent variables), 𝛽 is a 𝐾 × 1
vector of the parameters to be estimated, and 𝜀 is an 𝑁 × 1 vector of the error terms with 𝜀𝑖 assumed to
be independently and identically distributed with zero mean and constant variance 𝜎 2 . To be consistent
with conventional models introduced in major spatial econometric textbooks, the use of matrix notation
will be carried out throughout this chapter.
In a linear regression model, three types of interaction effects can be broadly categorised into:
(T1) endogenous interaction effects among the dependent variable, (T2) exogenous interaction effects
among the independent variables, and (T3) interaction effects among the error terms. These interaction
effects can be extended to a spatial regression model where spatial interaction effects could be found
among dependent variable, independent variables, or error terms. Figure 6.4 demonstrates interaction
effects and the corresponding appropriate econometric model.

Figure 6.4 Spatial effects and the corresponding spatial interaction models.
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According to the endogenous interaction (T1), the dependent variable of a spatial unit, say
𝑦1 , depends on the dependent variable of other units, say 𝑦2 . For example, 𝑦1 can be thought of as the
price of a house so that when agreeing on a sale price, a house buyer considers both the characteristics
of the house (the number of rooms, the quality of amenities, its location, transport access, proximity to
shops, etc) and the current selling price of nearby houses ( 𝑦2 ). To account for this endogenous
interaction effect, Spatial Lag Model, or also known as Spatial Autoregressive Model (SAR) includes
spatial lag (dependent) variables to explain the spatial linkage. A spatial lag of a variable is defined as
the weighted average of observations on that variable over the neighbouring units. The SAR model
(Cliff and Ord 1973; Ord 1975; Bivand 1984; Anselin 1988; LeSage and Pace 2009) generally takes
the following form:
𝑌 = 𝛼𝚤𝑁 + 𝜌𝑊𝑌 + 𝑋𝛽 + 𝜀

(6.17)

where 𝜌 is the spatial autoregressive coefficient and 𝑊𝑌 represents the endogenous interaction effects
among the dependent variable. Of importance is the spatial autoregressive parameter 𝜌 which measures
the intensity of the spatial dependence. Positive (negative) 𝜌 yields positive (negative) spatial
dependence, and the value of 0 equates model (6.17) with the traditional OLS model in (6.16).
The exogenous interaction effect (T2) refers to the situation where the dependent variable of a
particular unit, say 𝑦1 , depends on independent variables of other units, say 𝑥2 . Continuing with the
previous example, the selling price of a house (𝑦1 ) may be influenced by the characteristics of nearby
houses (for instance their size, location, the availability of garage, proximity to shops) which are
denoted by 𝑥2 . If this phenomenon occurs, the specification of ‘Spatial Lag of X Model’ (SLX)
(Gibbons and Overman 2012) is required:
𝑌 = 𝛼𝚤𝑁 + 𝑋𝛽 + 𝑊𝑋𝜃 + 𝜀

(6.18)

where 𝑊𝑋 represents the exogenous interaction effects among the independent variable, and 𝜃
measures the magnitude of this interdependence.
Regarding the other interaction effect (T3) in which spatial autocorrelation is present among
the error terms, this phenomenon is explained when two or more determinants of the dependent variable
omitted from the model are spatially autocorrelated. Following the housing example, the opening of a
major economic centre can represent a shock influencing the selling price of houses in that
neighbourhood as well as nearby houses. Spatial Error Model (SEM) (Cliff and Ord 1973; Ord 1975;
Anselin 1988; LeSage and Pace 2009) aims to correct the model’s errors and takes the general form:
𝑌 = 𝛼𝚤𝑁 + 𝑋𝛽 + 𝜀
𝜀 = 𝜆𝑊𝜀 + 𝑢

(6.19a)
(6.19b)

where 𝜆 is the spatial error coefficient and 𝑊𝜀 denotes the interaction effect among the errors of
different spatial units.
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Originally, the central focus of spatial regression was put on spatial lag model and spatial error
model, both of which deal with one type of interaction effect. Anselin (1988) and Anselin et al. (1996)
devise the testing procedure for a spatial lag or spatial error model based on the LM tests. Nevertheless,
the past decade witnesses the blossoming interest for model that includes two or more types of
interaction effects. Kelejian and Prucha (1998) and Elhorst (2010) advocate SARAR model that contains
both endogenous interaction effects T1 and interaction effects among error terms T3. Models that
include endogenous as well as exogenous interaction effects (T1 and T2) are labelled Spatial Durbin
Model (SDM) (Anselin 1988), whereas the combination of T2 and T3 effects requires the use of Spatial
Durbin Error model (SDEM).
Ultimately, the most general model, which includes three types of interaction effects, takes the
following form:
𝑌 = 𝜌𝑊𝑌 + 𝛼𝚤𝑁 + 𝑋𝛽 + 𝑊𝑋𝜃 + 𝜀
𝜀 = 𝜆𝑊𝜀 + 𝑢

(6.20a)
(6.20b)

where 𝑊𝑌 denotes the interaction among dependent variable, 𝑊𝑋 the interaction among exogenous
independent variables, and 𝑊𝜀 the interaction among error terms. This model is usually referred to as
the General Nesting Spatial model (GNS). Important parameters include: 𝜌 – the spatial autoregressive
coefficient, and 𝜆 – the spatial autocorrelation coefficient. 𝜃, just like 𝛽, is a 𝐾 × 1 vector of fixed but
unknown parameters to be estimated.
Figure 6.5 shows a spectrum of linear spatial regression models with linear OLS model on the
right side and GNS model on the left side. Models with one source of interaction, two sources and three
sources are highlighted in different colours. The interrelationships among these models are indicated
by arrows. From the left- to right-hand side, more specific models can be attained by imposing one or
more parameters of the general model GNS (𝜌, 𝜆, 𝜃). These restrictions are demonstrated right next to
the arrows. It is worth noting that among the family of spatial models in Figure 6.5 models including
exogenous interaction effects such as SDEM and SLX generally do not intrigue theoreticians and
econometricians since the estimation of these models does not require any special consideration and
standard estimation techniques could perform well. On the other hand, SAR, SEM and SARAR that
incorporate endogenous interaction effects and interaction effects among errors are the most widely
explored frameworks due to econometric problems accompanied in estimating these models. In the
failure of standard econometric techniques, these spatial models could be estimated by Maximum
Likelihood (Ord 1975), quasi-Maximum Likelihood (Lee 2004), instrumental variables (Anseline
1988), or generalised method of moments (Kelejian and Prucha 1998, 1999). An overview of these
methods is included in Fischer and Nijkamp (2013).
The bewildering array of spatial models displayed in Figure 6.5 can create confusion in
selecting the most appropriate model. Overall, two approaches are exploited. The first approach is
general-to-specific or top-down, departing from the more general model GNS to a more specific model
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to explain the spatial phenomena. The selection criterion is based on likelihood ratio test (Hendry 1995).
By testing models in Figure 6.5 from left- to right-hand side and gradually searching for a more
parsimonious model, the top-down approach ensures correct inference as long as no variables are
omitted in the more general model (Elhorst 2010). Nonetheless, GNS is by no means the most general
model. Further spatial lags could be added to the model specified in equations (6.20a, b). On the other
hand, three or more sources of spatial interaction effects usually imply weak statistical identification of
the model (Cook et al. 2015). In practice, it is difficult to distinguish between 𝜌, 𝜆, and 𝜃; thus, GNS
generally leads to an over-parameterised model. Wrong decision made at the beginning of the
specification procedure can make the whole inference process go astray (Elhorst 2014).
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Note: SAR = Spatial Autoregressive Model (or Spatial Lag Model), SEM = Spatial Error Model, SLX = Spatial Lag of X Model, SDM = Spatial Durbin Model, SARAR =
Spatial Autoregressive Combined Model, SDEM = Spatial Durbin Error Model, GNS = General Nesting Spatial Model.
Source: Author’s modification based on Halleck Vega and Elhorst (2014).

Figure 6.5 Taxonomy of spatial linear models.
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The second approach in specifying a spatial model is specific-to-general or bottom-up. The
testing procedure is illustrated in Figure 6.6. In a nutshell, the researcher starts with a non-spatial linear
regression model and tests whether it is necessary to include spatial interaction effects into the
benchmark non-spatial model. LM tests and the robust variants, as introduced in earlier discussion,
make it possible to discriminate between SAR, SEM or non-spatial linear regression model. Florax et
al. (2003) show that this procedure is most effective when the real underlying model is SAR or SEM.
However, the authors argue that the likely presence of omitted variable bias might lead to false partial
conclusions, and overestimating 𝛽 coefficient(s) under the omission of spatial interaction terms may
hinder the detection of spatial autocorrelation among residual terms of the OLS linear model.

Note: SAR = Spatial Autoregressive Model (or Spatial Lag Model), SEM = Spatial Error Model.

Figure 6.6 The bottom-up approach.
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6.3

Data

In this chapter, the Food Balance Sheet (FBS) data from the Food and Agricultural Organisation of the
United Nations (FAO) are retrieved. The FBS is one of the most extensive databases on national food
consumption, describing the annual availability of total calories as well as primary food commodities
(measured in kcal/person/day) for over 200 countries and territories (FAO 2019c). Details about the
compilation of the FBS are mentioned in Section 4.3.4 (Chapter 4) and elsewhere (FAO 2017b). Despite
being emphasised in previous chapters, it is important to re-stress that the consumption-level waste (i.e.
food that is wasted at retail, restaurants, and household) is not incorporated in the FBS, therefore the
data are not equivalent to average food intake or average consumption but best described as ‘apparent
consumption’. In the subsequent empirical analysis, the terms caloric consumption, food consumption
and diet should thence be interpreted as food available for consumption. Another key limitation of the
FBS is the reliability of data coverage and data quality for less developed countries (FAO 2018). In
spite of these caveats, the FBS has been greatly utilised in the existing literature as it is the only source
of standardised information on food consumption that enables longitudinal comparison between a large
set of countries (Grünberger 2014; Leclercq et al. 2019).
The daily per capita food availability (in kcal/capita/day) over the period 1961-2013 is used for
the empirical analysis. Countries with missing values are excluded and so are those with the population
of less than one million in 2013 as these tend to be small islands with peculiar diets (Gouel and
Guimbard 2019). This leads to a sample of 118 countries.
For the conditional beta convergence analysis, a range of economic, demographic, social and
agroecological indicators are included in the model regressing the average growth rate of calories on
the initial levels of calories. The purpose is to control for country-specific structural factors that can
influence the changes of calorie consumption as well as the rate of convergence/divergence. A thorough
discussion on the impact of these factors on the dietary changes is referred to Section 2.3.2 (Chapter 2).
Such variables have been previously employed in several studies, as in Du et al. (2004), Hawkes et al.
(2012), Choudhury and Headey (2017), Oddo et al. (2017), and Azzam (2020) among others. In this
study, four of such variables are included and the details are as follows:
• Arable land (% of land area) – average for the period 1961-2013.
• GDP per capita growth (annual %) – average for the period 1970-2013.
• Urban population (% of total population) – average for the period 1961-2013.
• Labour force participation rate, female (% of female population aged 15 and over) – average
for the period 1990-2013.
Data on arable land, urban population and female labour force participation rate are retrieved
from the World Bank (World Bank 2020e) and data on GDP per capita are collected from the
FAOSTAT (FAO 2019b). Arable land is used as a proxy for the capacity of agricultural production.
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Higher share of land use for arable agriculture means larger potential for growing crops and hence
higher food supplies which will have a positive effect on calorie growth. The average growth rate of
GDP per capita is used to proxy economic development. Higher earnings not only allow individuals to
afford a wider range of foods, but also generate demand for non-staple foods usually from animal source
and in processed forms (Law et al. 2019; Umberger et al. 2020). Consequently, rising incomes are
related with higher calorie consumption and more robust growth of calories due to the increased
consumption of animal-source foods, sugars, fat and oils. Next, share of urban population is used as an
indicator of urbanisation transition and subsequent changes to lifestyle and food acquisition strategies.
To illustrate, increased urban growth is accompanied by increased access to processed foods, changing
consumption preference towards convenient, ‘ready-to-eat’ and ‘ready-to-heat’ products, and increased
connections with people from different cultures facilitating the acceptance of ‘Western’ dietary styles
(Pingali 2007; Hawkes et al. 2017). All of these will exert a positive influence on the calorie
consumption. Finally, female participation in the labour force is expected to affect the calorie growth
positively. On the one hand, growing economic participation of women translates into more income for
purchasing foods especially energy-dense foods as they become more affordable (Oddo et al. 2017).
On the other hand, improved female employment would raise the opportunity cost of food preparation,
decrease the amount of time women spend on cooking, and boost the demand for processed foods
(Popkin and Reardon 2018). To the extent that arable land, economic growth, urbanisation and female
participation in the labour force increase/decrease proportionately more in poor countries than in rich
countries, these factors contribute to the dietary convergence. Rising income is more prevalent in poorer
economies since richer economies have already had high levels of GDP per capita. Likewise,
urbanisation and female employment are expected to increase faster in poorer countries than in richer
ones. Therefore, these three variables are likely to have a positive impact on the rate of convergence.
For the exploratory spatial analysis, a fundamental task is to define a ‘space’ metric where the
relationship among countries in the ‘space’ is drawn upon. Acknowledging that the definition of ‘space’
is more than geography, different possibilities are proposed in order to ensure that the adequate spatial
relationship is not ignored. The starting point is to examine the spatial relationship through geographical
lens if nearby countries tend to have similar diets. To quantify the geographical closeness, a distancebased matrix 𝑊 𝑎 is constructed and normalised as such 𝑊𝑖𝑗𝑎 =

𝑑𝑖𝑗
⁄max (𝑑 ), where 𝑑𝑖𝑗 represents the
𝑖𝑗

geographical distance (in kilometres) between the capital cities of countries i and j. Also dictating the
geographical proximity, the second option is to use a contiguity matrix 𝑊 𝑏 in such a way that 𝑊𝑖𝑗𝑏 = 1
if countries i and j are geographically contiguous and 𝑊𝑖𝑗𝑏 = 0 otherwise. Third, a contiguity matrix 𝑊 𝑐
is proposed to consider the economic proximity measure among countries. The generic element 𝑊𝑖𝑗𝑐
equals 1 if the average GDPs per capita 1970-2013 of countries i and j fall in the same quantile, and 0
otherwise. Such a contiguity matrix supports the argument that countries with similar income levels
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tend to have similar diets. The information of geographical distance and geographical contiguity is
retrieved from the CEPII database (CEPII 2019), and the GDP per capita data are obtained from the
FAOSTAT (FAO 2019b).

6.4

Empirical results

6.4.1

Results of convergence tests in non-spatial context

Sigma convergence
The convergence in patterns of national food consumption is first investigated by sigma convergence.
Changes in the coefficient variation (CV) of caloric availability are plotted in Figure 6.7. Overall, the
dispersion across countries shows a downward path over the whole period, indicating sigma
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convergence. However, the reduction in CV is uneven with a significant downturn in the early 1990s.
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Figure 6.7 Coefficient of variation in daily per capita calories, 1961-2013.
While the FAO has made steady improvements in the methodology to compile the FBS, it
would be fair to believe this structural break reflects a real change in the data rather than a
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methodological issue. In a FAO/WHO joint publication (WHO 2003, pp.14-15), they
acknowledge: “This change [in the calorie availability] has not, however, been equal across regions.
The per capita supply of calories has remained almost stagnant in sub-Saharan Africa and has recently
fallen in the countries in economic transition ...”. Such variant patterns in the calorie availability across
countries likely result in divergence as indicated by the strong peaks over the period from 1961 to 1998.
Nonetheless, the period 1999-2012 is characterised by sigma convergence consistently over a long
period of time. In 2013, the CV increases slightly, signalling that the trend is about to reverse towards
divergence across countries.
Unconditional beta convergence
To better understand the variations of calorie availability across countries, changes in calories are
plotted against the initial calorie level in 1961. Two main features are highlighted in Figure 6.8. First,
calorie changes are not even across countries. Over the past half a century, the calorie availability of
most countries in the sample has increased by between 10 and 50% and doubled in China, Burkina Faso
and Algeria. Yet, roughly 10% of the sample have witnessed declining calories – a pattern that
contradicts the predominant trend in the existing literature. Further, except Switzerland and Bulgaria,
these countries, which lie below the red dashed line, are listed by FAO as in need of external assistance
for food due to civil conflict and population displacement (Afghanistan, Central African Republic, Chad
and Uganda) or unfavourable climatic conditions (Kenya, Madagascar, Namibia and Zimbabwe) (FAO
2020a).
As highlighted in Figure 6.8, Bulgaria and Afghanistan are associated with an average of 3,000
kcal/person/day in 1961 – just right after Switzerland and among countries with the initially highest
calorie consumption. This figure might seem surprising at first; however, there are some reasons to
believe this is not due to measurement errors. The food economics literature has mentioned the rapidly
rising trends in food consumption for Bulgarians in the 1960s. As documented by Ghodsee (2004), from
1960 to 1979, Bulgarians saw significant increases in the per capita consumption of all food categories
(except potatoes). In 1977, Bulgarians ate 143% of the daily caloric requirement – the highest level
among both industrialised market economies of the West and Eastern bloc economies and had a higher
per capita daily caloric intake than the US. Such a substantial rise in food availability has been
attrributed to strong economic growth and the transformation of Bulgaria into a modernised insutrial
country following the communist government (Dimitrov and Atanasova 1964). Since the economic
slowdown in the 1980s, the calorie consumption however has reduced, especially after the economic
crisis in the mid-1990s. Economic contraction and hyperinflation caused food prices to rise at a higher
speed than real income (Ivanova et al. 2006). Regarding Afghanistan, the literature is relatively silent
about its food consumption in the past. Nonetheless, the high level of calorie availability could be due
to a strong increase in cereal production (especially wheat) as the country benefited from the Green
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Revolution (Borlaug 1971). The consumption has decreased possibly owing to the severe economic
hardship during the 1979 Soviet invasion and ensuing civil war destroyed much of the country’s limited
infrastructure, and disrupted normal patterns of economic activity (Roy 2020).
Another notable feature from Figure 6.8 is the general downward tendency, or an inverse
relationship between calorie changes and initial level of calories that is illustrated by the downwardsloping blue line. On average, countries with lower levels of calories in 1961 experience higher growth
rates, signalling the ‘catching-up’ process of beta convergence.
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Figure 6.8 Relationship between calorie growth rate 1961-2013 and initial calorie level.
Next, beta convergence in the per capita daily calories is estimated for the entire period 19612013. Due to the structural break observed in the sigma convergence plot (Figure 6.7), beta convergence
tests are also run for two sub-periods: 1961-1998 and 1999-2013. Even though convergence process is
a long-run phenomenon, it is interesting to split the period into two sub-periods to see whether this
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process has been homogeneous during the period under consideration. The OLS estimations for the
regression model (6.2) are presented in Table 6.1.
The significantly negative beta coefficient of -0.011 for log(𝑦𝑖,𝑡0 ) suggests that for a 10%
increase in the initial level of calories, the average annual growth rate of calories would decrease by
0.011 × log(1.1) = 0.001%. The negative sign of the beta coefficient is indicative of convergence,
meaning that initially high-calorie countries tend to exhibit lower growth rates of calories. Following
the formula (6.3), the convergence speed is computed at 1.6% per year. In other words, countries bridge
the gap between the current levels of calories and the steady-state levels by, on average, 1.6% annually.
This convergence speed implies a half-life measure of 63 years, that is to say it takes almost 63 years
for follower countries to eliminate 50% of the initial calorie gap regardless of country-specific
characteristics.
When the data is split into two sub-periods, the significantly negative beta coefficients (-0.0009
and -0.016) prove a consistent trend of convergence and support the finding from Figure 6.8 that
countries with lower initial levels of calories show a more robust convergence process. On the other
hand, the convergence speed increases in the last two decades, and the half-life measure drops by almost
one third from 73 years during 1961-1998 to approximately 42 years during 1999-2013.
Table 6.1 Absolute (unconditional) beta convergence: Estimation results.
Whole period

Variables

Divided into two sub-periods

1961-2013

1961-1998

1999-2013

0.089***

0.076***

0.133***

(9.565)

(5.587)

(7.926)

-0.011***

-0.0009***

-0.016***

(-9.092)

(-5.291)

(-7.627)

0.411

0.187

0.328

Number of observations

118

118

118

Convergence speed per year (%)

1.6

1.2

1.8

Half-life (years)

62.8

73.4

42.3

Intercept

log(𝑦𝑖,𝑡0 )
Adjusted R

2

Note: All test results are not significant unless indicated otherwise. t-statistics are reported in parentheses.
*, ** and *** denote statistical significance at the 10%, 5% and 1% level, respectively.

Absolute beta convergence is useful in identifying the ‘catching-up’ effect in the whole sample
of 118 countries. However, there are good reasons to believe that the convergence process is not always
linear, and the conditional beta convergence theory posits that countries can converge on a path to
different steady-state levels (“convergence clubs”). To illustrate, countries at different income levels
are represented by distinguished colours in Figure 6.9a. The country’s classification into high-income,
upper-middle-income, lower-middle-income and low-income is in line with the World Bank’s
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categorisation (World Bank 2020d). It can be seen that the wealthiest countries pertain the largest per
capita daily calories in 1961 and the lowest growth rate of calories. In general, total calories in middleincome countries tend to grow most robustly while the pattern for low-income countries is less
conclusive. These are indications that the convergence process has not been homogenous across
countries at different development levels.
One way to accommodate the nonlinearity is to allow for some flexibilities in equation (6.2) by
letting the intercept vary among different groups of countries. Dummy variables with high-income
countries being the reference category are added in the model to denote country groupings: 𝑑𝐿 for lowincome countries other than the high-income peers, 𝑑𝐿𝑀 for lower-middle-income countries, and 𝑑𝑈𝑀
for upper-middle-income countries. The regression model is represented by:
𝑦𝑖,𝑡 +𝑇
1
log ( 𝑦 0 )
𝑇
𝑖,𝑡0

= 𝐵 + 𝛽 log(𝑦𝑖,𝑡0 ) + 𝛽𝐿 𝑑𝐿 + 𝛽𝐿𝑀 𝑑𝐿𝑀 + 𝛽𝑈𝑀 𝑑𝑈𝑀 + 𝜀𝑖

(6.21)

The significance of the dummy coefficients 𝛽𝐿 , 𝛽𝐿𝑀 , 𝑎𝑛𝑑 𝛽𝑈𝑀 would testify if there are equal
changes in the average annual growth rates (the left-hand side of equation 6.21) due to a fixed change
in the initial level of calories log(𝑦𝑖,𝑡0 ) across four groups. The first three columns of Table 6.2 report
the OLS estimation results for model (6.21).
Adding dummy variables improves the model fit, reflected in the considerably higher adjusted
R-squared (0.628 as compared to 0.411). However, a large portion of the model remains unexplained.
The beta coefficient for log(𝑦𝑖,𝑡0 ) is significant and more robust (-0.018), leading to a higher annual
convergence speed (5.3%) and a smaller half-life measure (38 years).
Column (1) reveals highly significant dummy coefficients for 𝑑𝐿 , 𝑑𝐿𝑀 , and 𝑑𝑈𝑀 , proving that
a fixed increase/decrease in the initial calorie level would lead to an unequal decrease/increase in the
average annual growth rate for each group of countries. The negative sign of all dummy variables
highlights that the changes are larger for the wealthiest countries as compared to others. For example,
the coefficient -0.006 of 𝑑𝐿 implies that for any increase in initial calorie level the annual growth rate
of calories for low-income countries would on average decrease by 0.006% lower than the reference
group (high-income countries). Similarly, the magnitude of the change in annual growth rate for lowermiddle- and upper-middle-income countries is averagely 0.005% and 0.002% smaller than high-income
peers. These results suggest that lower-income countries are converging to a steady state of calorie
growth rate that is lower than for high-income countries. This might reflect the larger contribution of
energy-dense foods (mostly from animal origin and in processed forms) in diets of rich countries.
Columns (2) and (3) of Table 6.2 show how this relationship changes across time. When the
regression equation is run for two sub-periods, the coefficients for 𝑑𝐿 , 𝑑𝐿𝑀 , and 𝑑𝑈𝑀 are still
significantly negative in the former period but become insignificant in the latter period. The historical
gap in responses of annual growth rate of calories to a change in the initial level of calories across
different groups of countries is no longer perceivable during the last 15 years. Alternatively, income
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plays an important role in the early stage of the convergence in national food consumption. Nonetheless,
when national incomes reach a certain threshold, income alone cannot explain the path countries are
converging to different steady-state levels.
Table 6.2 Beta convergence with country groupings: Estimation results.
Adding dummy variables
Variables

Intercept

log(𝑦𝑖,𝑡0 )
𝑑𝐿
𝑑𝐿𝑀
𝑑𝑈𝑀

Adding interaction terms

1961-2013

1961-1998

1999-2013

1961-2013

1961-1998

1999-2013

(1)

(2)

(3)

(4)

(5)

(6)

0.147***

0.163***

0.144***

0.125***

0.149***

0.151**

(13.653)

(10.242)

(5.137)

(6.082)

(4.844)

(2.047)

-0.018***

-0.020***

-0.018***

-0.015***

-0.018***

-0.019**

(-13.365)

(-10.002)

(-5.099)

(-5.927)

(-4.717)

(-2.032)

-0.006***

-0.009***

-0.002

0.083***

0.092**

-0.12

(-7.983)

(-7.551)

(-1.108)

(2.879)

(2.126)

(-1.050)

-0.005***

-0.007***

0.001

-0.001

-0.053

0.007

(-6.225)

(-6.714)

(0.379)

(-0.018)

(-1.065)

(0.086)

-0.002***

-0.004***

0.0003

-0.001

-0.011

0.006

(-3.648)

(-3.589)

(0.186)

(-0.041)

(-0.284)

(0.070)

-0.012***

-0.013**

0.015

(-3.137)

(-2.371)

(1.051)

-0.0004

0.006

-0.001

(-0.090)

(0.949)

(-0.084)

-0.0001

0.001

-0.001

(-0.024)

(0.210)

(-0.070)

log(𝑦𝑖,𝑡0 ) × 𝑑𝐿
log(𝑦𝑖,𝑡0 ) × 𝑑𝐿𝑀
log(𝑦𝑖,𝑡0 ) × 𝑑𝑈𝑀
Adjusted R

2

Number of observations

0.628

0.481

0.339

0.662

0.517

0.332

118

118

118

118

118

118

4.1

15.0

3.1

3.1

40.5

25.4

45.9

38.2

Convergence speed per year (%)
Low-income countries

5.3

3.7

2.0

Others

2.1

Half-life (years)
Low-income countries
Others

38.2

34.3

38.2

36.1

Note: All test results are not significant unless indicated otherwise. t-statistics are reported in parentheses.
*, ** and *** denote statistical significance at the 10%, 5% and 1% level, respectively.

Column (4) reports the coefficients for 𝑑𝐿 , 𝑑𝐿𝑀 , and 𝑑𝑈𝑀 , which specify differences in
intercepts, and the interaction coefficients for log(𝑦𝑖,𝑡0 ) × 𝑑𝐿 , log(𝑦𝑖,𝑡0 ) × 𝑑𝐿𝑀 , and log(𝑦𝑖,𝑡0 ) × 𝑑𝑈𝑀
which indicate differences in slopes. While the former may not be of much interest, the latter is
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definitely important since the significance of which would reveal if there is a common rate of
convergence. Two comments can be made here. First, the coefficient of the interaction term for lowincome countries log(𝑦𝑖,𝑡0 ) × 𝑑𝐿 is statistically significant, suggesting that the convergence rate is
statistically different between the poorest and the richest group. Second, the negative sign of the
interaction coefficient for low-income countries (-0.012) implies that the trajectory for low-income
countries is 0.012 lower than high-income countries. This feature is clearly observed in Figure 6.9b: the
regression line for the poorest countries substantially deviates from the middle- and high-income peers,
being the steepest. Thus, low-income countries converge at the fastest pace and convergence rate
reduces as income rises.
According to the average marginal effect, it turns out that for low-income countries the annual
growth rate of calories would on average decrease by 0.0027 (%) per 10 percent increase in the initial
calorie level. This rate of change implies an annual convergence speed of 4.1% and a half-life of 40
years. To compare, the beta coefficient for high-income countries is derived from the coefficient for
log(𝑦𝑖,𝑡0 ) in Column (4), which is -0.015. If the initial calories increase by 10%, the average annual
growth rate of calories would decrease by 0.0015 (%). As a result, high-income countries converge at
the pace of 3.1% per annum and the half-life measure of approximately 46 years. These statistics
reaffirm that poor countries have converged at a faster speed than the richer ones.
When splitting the data into two sub-periods, the interaction coefficient for low-income
countries is significant over the pre-1998 period but appears insignificant after 1998. The interaction
coefficients for lower- and upper-middle-income countries remain insignificant in either period,
confirming that the convergence rates of middle-income and high-income countries are not statistically
different. The negative sign of the interaction coefficient (-0.013) suggests the faster convergence speed
of the poorest group of countries as compared to the wealthier peers. Convergence statistics show that
prior to 1998 low-income countries were converging at a rapid pace of 15% per annum – the figure that
is three times larger than the average rate over the whole period (4.1%). However, there is no evidence
for any gap in the convergence speeds among different groups of countries in the latter period.
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Figure 6.9 Fitted lines for regression model.
Conditional beta convergence
The analysis in this section examines a conditional beta convergence model with the inclusion of
demographic, agroecological, and socio-economic variables. A description of these variables is
provided in Section 6.3. Following Mankiw et al. (1992), a conditional growth model is defined as
follows:
𝑦𝑖,𝑡 +𝑇
1
log ( 𝑦 0 )
𝑇
𝑖,𝑡0

𝐽

= 𝐵 + 𝛽 log(𝑦𝑖,𝑡0 ) + ∑𝑗=1 𝜋𝑗 𝑍𝑗𝑖 + 𝜀𝑖

(6.23)

where 𝑦𝑖,𝑡0 and 𝑦𝑖,𝑡0 +𝑇 are respectively the per capita daily calories of country i in the initial and final
periods; 𝑇 is the number of years; 𝑍𝑗𝑖 includes the set of 𝐽 additional control variables which vary over
countries; and 𝜀𝑖 is the standard error term being independent and identically distributed with mean zero
and variance 𝜎𝜀2 . More specifically, 𝑍𝑗𝑖 comprises the average percentage of arable land in the total land
area, the average growth rate of income, the average percentage of urban population, and the average
female participation rate in the labour force. 𝐵 , 𝛽 and 𝜋𝑗 (𝑗 = 1, … ,4) are the parameters to be
estimated. Since the factors of dietary changes are often highly correlated, the variance inflation factor
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(VIF) is computed for each independent variable in the OLS regression and any value exceeding 3
would indicate multicollinearity problem.
The OLS estimations of the model (6.23) are reported in the first column of Table 6.3. After
controlling for a range of structural indicators, the beta coefficient is still significantly negative (-0.017),
implying conditional convergence. The coefficients for arable land, income growth and urban
population are significantly positive whereas the coefficient for female employment is significantly
negative. In addition, the magnitude of the effect of GDP growth is the largest among structural
indicators, suggesting that rising income has been the most influential determinant of dietary changes.
The OLS estimates suggest that a one percent increase in the percentage of arable land between 1961
and 2013, the share of urban population and the growth rate of GDP is associated with a 0.4, 0.8 and
11.1 percent increase in the average annual growth rate of calories, respectively. Likewise, a one percent
increase in the female participation rate in the labour force is associated with a 0.3 percent decrease in
the average annual growth rate of calories. While the results for arable land, GDP growth and urban
population are in line with the evidence suggested in the literature (as discussed in Section 6.3), the
negative effect of female employment is surprising. The reason could be ascribed to the fact that higher
proportion of female employment also means higher levels of education and training for women, which
in turn lead to better nutritional knowledge. Having some extra amount of earnings enables households
to access more calories from either nutrient-dense foods that contribute to higher-quality diets or
calorie-dense foods rich in salt, fat and sugars that can undermine diet quality. The finding presented in
this analysis supports the former, possibly thanks to the improved health awareness. Better
employability for women also means less time for family and household activities (such as shopping
for raw food materials and cooking). As a result, the family will not tend to eat home-cooked foods and
instead opt for pre-cooked (junk) foods. For example, it is not uncommon to see family having sandwich
instead of full-fledged meals at lunch or dinner. Since junk foods with their high convenience often cost
more, this can cause a decline in the purchase of such foods and in calorie consumption.
The essence of conditional beta convergence is that in the long run countries need not converge
to each other but instead converge to their own steady-state level. In this respect, countries with the
initially low level of calories do not necessarily exhibit higher growth rates of calories, but countries
that are further from their own steady-state level exhibit faster growth. With the inclusion of structural
variables, results of the conditional beta convergence analysis indicate that countries are converging on
average at an annual rate of 4% and it takes approximately 17 years for countries to eliminate half of
the current disparity with the equilibrium. Compared with the unconditional beta convergence model,
these convergence statistics imply a faster convergence process than when the structural parameters are
not included.
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Table 6.3 Conditional beta convergence regression: Estimation results.
(1)
OLS

(2)
OLS

(3)
OLS

1961-2013

1961-1998

1999-2013

0.128***
(0.010)
-0.017***
(0.001)
0.004**

0.145***
(0.015)
-0.019***
(0.002)
0.005**

0.070***
(0.026)
-0.016***
(0.003)
8.7 × 10−5

(0.002)

(0.002)

(0.003)

0.111*

-0.004

0.770***

(0.057)

(0.027)

(0.139)

0.008***

0.011***

0.006**

(0.001)

(0.002)

(0.003)

-0.003**

-0.005***

-0.0001

(0.001)

(0.002)

(0.002)

Number of observations

118

118

118

Maximum VIF

1.98

2.09

2.29

Convergence speed per year (%)

3.99

3.18

1.82

Half-life (years)

17.37

21.82

38.09

Models

Intercept
log(initial calories)
Arable land

Income growth

Urban population

Female employment

Note: All test results are not significant unless indicated otherwise. Standard errors are inside the parentheses.
*** Significant at 𝑝 ≤ 0.01; ** Significant at 𝑝 ≤ 0.05; * Significant at 𝑝 ≤ 0.1.

Similar to the earlier section, the analysis of conditional beta convergence is replicated for two
sub-periods: 1961-1998 and 1999-2013. For the former period, the OLS estimations in Column (3) of
Table 6.3 report a significantly negative beta coefficient which is however larger in magnitude than for
the whole period. Turning to the structural parameters, arable land, urban population and female
employment are significant predictors. The first two variables exert a positive effect on the annual
growth rate of calories whereas the last variable exerts a negative effect. Noticeably, the impact of the
structural indicators is larger in magnitude than the OLS estimates for the whole period shown in
Column (1) of Table 6.3. Nonetheless, income growth does not affect the growth rate of calories.
The OLS estimations for the conditional beta convergence in the latter period 1999-2013 are
presented in the last column of Table 6.3. The beta estimate is significantly negative and smaller in
magnitude than in the former period (-0.016 versus -0.019) indicating a less robust convergence process.
Indeed, the annual rate of convergence (1.82%) is lower than in the former period (3.18%) and is less
than half of the average speed (3.99%) for the whole period. This result suggests that the structural
parameters are closer to their steady-state values in the latter period, therefore countries are converging
to their own equilibrium levels of calories at a slower speed. Investigating the effects of the structural
parameters, rising income and urban population are the only two significant predictors and rising
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income has been the major driver for the global convergence in this period. A one percent increase in
the growth rate of GDP is related to a 77 percent increase in the calorie growth whereas a one percent
increase in the share of urban population is related to a 0.6% increase. The remaining variables
(proportion of arable land and female employment) do not influence the growth of calories. That is to
say agroecological, social and demographic indicators exert a stronger impact in the initial period; yet,
economic factors have become a more important determinant of the dietary convergence over the past
15 years.
To sum up, the results of sigma and beta convergence point to convergence in calorie
availability across countries over the past 50 years. The beta coefficient is significantly negative,
implying that countries with lower levels of initial calories tend to exhibit higher growth rates of caloric
consumption. Results of absolute beta convergence model show that countries bridge the gap between
the current levels of calories and the steady-state levels by on average 1.6% per year. Additionally, the
convergence process is proved to be non-homogenous across countries and how income affects the path
countries are converging towards different steady states. The results indicate that income plays an
important role in the early stage of convergence in national food consumption. Further evidence
confirms the fastest speed of convergence for low-income countries. Thus, these findings call for
scrupulous attention in monitoring and supporting low-income countries at the early stage of
development as they exhibit the most worrisome trend. Results of the conditional beta convergence
analysis complement the results from the unconditional beta convergence analysis and further elucidate
the role of income. The structural conditions of low-income countries are further from their steady-state
level than those of high-income countries. While agroecological, social, economic and demographic
factors are proved to influence the growth rate of calories, rising income has been the main driver for
rising calorie consumption over the past 15 years.
6.4.2

Detecting spatial dependence

Before embarking on specifying a spatial model, it is necessary to justify the presence of spatial
phenomena in the data. A simple but useful approach is to visualise the data. Figure 6.10a illustrates
the distribution of average calorie consumption for the period 1961-2013. The caloric consumption
level of each country is represented by a shade of blue: the darker the shade, the larger the calories.
Countries shown in grey are excluded from the analysis. Three comments can be made by inspecting
Figure 6.10a. First, nearby countries tend to have similar level of calories, for example Australia and
New Zealand at roughly 3,000 kcal/person/day, or China and India ranging from 2,200 to 2,500
kcal/person/day. Second, countries located within the same geographical region are likely to have the
same level of calories. This phenomenon is most apparent in Asia, Northern America and Europe, but
less pronounced in Africa and South America where almost a full spectrum of calories is observed. In
these two continents, the average per capita daily calories of contiguous countries tend to fall in the
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same range, for instance Morocco and Algeria, or Brazil and Colombia. Hence, the influence of
geographical closeness on the average per capita calories is evident; yet, it is a nuanced process. While
geographical proximity is important in explaining some similarities in the calories of, say the United
States and Canada, France and Italy, New Zealand and Australia, it is less so between each of these
groups.

Figure 6.10 World map of (a) average daily per capita calories 1961-2013, (b) average GDP per
capita 1970-2013.
Third, there is a concentration of highly calorific countries in Northern America, Europe, and
Oceania while low-calorie countries are mainly located in East Asia and Africa. Zooming into
continents with a clear polarisation in the distribution of total calories, richer countries are exposed to
higher calories: South Africa and Argentina are obvious examples for Africa and South America
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respectively. For the purpose of comparison, a world map showing the geographical distribution of
average income (GDP per capita) is plotted in Figure 6.10b. The level of income is represented by
different gradations of blue: the darker the shade, the higher the income. Overall, a large number of blue
shades overlap between two maps, suggesting that the richer a country the higher its calorie
consumption. If such an association exists in the data, it signals a positive spatial autocorrelation, where
the ‘space’ here is in terms of economic development rather than geography. Thus, the inspection of
Figure 6.10 reveals possibilities of spatial autocorrelation among countries due to their proximity in
either geographical closeness or economic development. Next, spatial autocorrelation tests can verify
whether spatial autocorrelation is statistically significant as well as the strength and sign of the
autocorrelation.
Results of the Global Moran’s I statistics are reported in Table 6.4. Three spatial weight
matrices are chosen to proxy different spatial relationships among countries regarding geographical
distance ( 𝑊 𝑎 ), geographical contiguity ( 𝑊 𝑏 ), and economic contiguity ( 𝑊 𝑐 ). Given the three
comments made by the inspection of Figure 6.10, one would expect significant Global Moran’s I
statistics for all three spatial weight matrices. However, Table 6.4 indicates little statistical evidence for
spatial autocorrelation when the proximity among countries is measured in geographical distance (𝑊 𝑎 ).
The negative sign is unsurprising when looking at the comparable levels of calorie consumption
between distant countries such as Australia and Canada, or the United Kingdom and New Zealand in
Figure 6.10a. On the other hand, there is no statistical evidence for spatial autocorrelation when the
geographical boundaries between countries are considered ( 𝑊 𝑏 ). This result, though unexpected,
makes sense taking into account the similar calorific levels, say between the United States and the
United Kingdom, even though no actual boundary is shared between these countries. Hence,
geographical contiguity, although probably being a driver for similarities in national diets within a
continental region, is not a valid determinant at the global level. When the third spatial weighting matrix
(𝑊 𝑐 ) is applied, the Global Moran’s I index suggests a significant positive spatial autocorrelation,
supporting that countries with similar income level tend to have similar levels of calories. To sum up,
the examination of Global Moran’s I statistics points to income level rather than geographical closeness
that is driving similarities in national patterns of food consumption. This result corroborates the idea
that spatial information should not be neglected in the study of dietary convergence. The specification
of 𝑊 𝑐 will be applied for the rest of the analysis.
Table 6.4 Global Moran’s I statistics for average daily per capita calories 1961-2013.
Spatial weight matrix

𝑊𝑎

𝑊𝑏

𝑊𝑐

Global Moran’s I

-0.001 *

0.002

0.665 ***

Note: Calculated by randomisation approach and two-sided alternative hypothesis;
*** Significant at 𝑝 ≤ 0.01; ** Significant at 𝑝 ≤ 0.05; * Significant at 𝑝 ≤ 0.1.
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Using the economic proximity 𝑊 𝑐 , the Global Moran’s I statistic detects positive spatial
autocorrelation in calorie consumption for 118 countries. Overall, countries with highly calorific diets
tend to be high-income nations and vice versa, countries with low calorie consumption are often lowincome nations. While the global statistic provides a simple summary value for the entire map meaning
that it informs if calorie consumption is randomly distributed across the space, it does not indicate where
specific patterns (for example unexpectedly high/low values of calorie consumption) occur. In order to
identify local variations in the strength of spatial autocorrelation across the sample, the local measure
of spatial autocorrelation is needed.
In this section, the local Moran’s I statistic is computed for each country using the spatial weight
matrix 𝑊 𝑐 . For each country, the local statistic allows the computation of its similarity with its
neighbours and to test its significance. It should be emphasised that the term ‘neighbour’ here refers to
neither countries sharing the actual geographical boundaries nor countries located in the immediate
vicinity but should be interpreted as countries with similar development level. Based on the value and
significance of the local Moran’s I index, a country can be classified to one of the following five groups:
(i) Countries with high calorie consumption associated with highly calorific neighbours. These are
labelled as “High-High” countries (also known as “hot spots”).
(ii) Countries with low calorie consumption associated with low-calorie neighbours. These are
labelled as “Low-Low” countries (also known as “cold spots”).
(iii) Countries with low calorie consumption associated with highly calorific neighbours. These are
potential outliers and labelled as “Low-High” countries.
(iv) Countries with high calorie consumption associated with low-calorie neighbours. These are
potential outliers and labelled as “High-Low” countries.
(v) Countries with no significant local Moran’s I statistic.
These five categories can be first identified from a scatter plot showing the observed calorie
value against the averaged value of the neighbours (commonly referred to as Moran scatterplot). Once
a significance level is set, local spatial autocorrelation values can be shown on a map (known as LISA
map) to display the specific locations of hot spots, cold spots and other spatial phenomena. Figure 6.11
presents the Moran scatterplot and LISA map with regard to calorie consumption 1961-2013.
The Moran scatterplot shows the variable of interest (calories) for each country on the
horizontal axis with the average values of its neighbouring countries on the vertical axis. Values on
both axes are scaled to have mean zero and standard deviation of one. In this respect, values above 0
indicates the consumption level higher than the global average while values below 0 indicates the
consumption level lower than the average. To recap, the label ‘neighbouring’ here reflects proximity in
terms of economic development rather than geography, and two countries are said to be neighbours if
their incomes are in the same quartile. To demonstrate different income levels, each country in the
Moran scatterplot is represented by a point with the shape and the colour denoting the quartile that
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country belongs to. In ascending order, the colour red, green, blue and purple respectively corresponds
to country in the 1st, 2nd, 3rd and 4th income quartile.
In general, the Moran scatterplot shows the impression that the higher the income the higher
the calorie consumption. To illustrate, all countries in the 1st income quartile (shown by red circles) lie
on the left side of the vertical line 𝑥 = 0, meaning that the calorie consumption of the poorest countries
is well below the global average. On the other hand, the richest countries (shown by purple plus signs)
mostly lie on the right side of the vertical line 𝑥 = 0, indicating a higher consumption level than the
global average. The pattern for middle-income countries (shown by green triangles and blue squares) is
less pronounced as a wider range of calorie figures is observed. If the positive relationship between
income and diet is perfectly linear, the calorie content would progressively increase as a country
proceeds to the higher income quartile. In that scenario, all countries in the 2nd income quartile
(represented by green triangles) would be associated with higher values and therefore be positioned
more towards the right side of the graph than countries in the 1 st income quartile (represented by red
circles). Nonetheless, this is hardly the case given the plot in Figure 6.11. Indeed, there is a wide
spectrum of calorie consumption for each income level. For instance, a handful of richest countries
shown in purple colour seem to divert themselves from the rest of the highest income group and are
associated with a consumption level lower than the global average. So, in addition to the global tendency
that higher income higher calorie consumption, some exceptions exist and countries within the same
income quartile do not necessarily follow the same diet. Another noteworthy feature from the Moran
scatterplot is that points of the same shape and colour tend to be arranged in a straight imaginary line
and the four imaginary lines are not parallel to the horizontal axis but angle at a slope. This pattern
implies that on average the calorie content of a country is not always in line with its neighbours. Again,
two countries with similar level of development need not always exhibit similar level of calorie
consumption. Overall, income is an important predictor for the (dis)similarities in diets globally, but
other factors such as migration, heterogeneous consumer tastes and socio-cultural influences might play
an underestimated role in explaining local deviations from the global patterns.
Returning to the Moran scatterplot, the horizontal and vertical axes naturally divide the graph
into four quadrants. The North East quadrant belongs to countries which have similarly high level of
calorie consumption as their neighbours (“High-High” countries). Countries in the South West quadrant
have low level of calories and are surrounded by neighbours that also have below the average level of
calorie consumption; hence, these are “Low-Low” countries. Both “High-High” and “Low-Low”
quadrants correspond to positive spatial autocorrelation, and the former is referred to as hot spots while
the latter represents cold spots. The North West quadrant belongs to “Low-High” countries whose levels
of calories are below average but are associated with highly calorific neighbours. Finally, the South
East quadrant includes “High-Low” countries whose consumption levels are above the average while
being surrounded by neighbours with low levels of calories. Both quadrants correspond to negative
spatial autocorrelation and represent potential outliers (in the sense that they are surrounded by
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neighbouring countries that are very dissimilar to them). In Figure 6.11, all countries from the 1st income
quartile and the majority from the 2nd quartile belong to the “Low-Low” quadrant while most richer
countries from the upper quartiles lie in the “High-High” category. The remaining countries occupy the
atypical locations of the “Low-High” and “High-Low” quadrants. Overall, the Moran scatterplot reveals
the predominance of “High-High” and “Low-Low” countries in the data, and as a result, the Global
Moran’s I statistic, being sort of an average of local values of spatial autocorrelation, detects positive
spatial autocorrelation for the whole data set. Nevertheless, one should not jump into any conclusion
too soon as the significance of the local spatial autocorrelation measure is not shown in the Moran
scatterplot. In fact, the LISA map depicts these types of spatial relationship whilst distinguishing the
significant autocorrelation values from the insignificant ones.
A LISA map illustrating different categories of countries based on the local Moran’s I values
is given in Figure 6.11. Hot spots (“High-High” countries) are shown in red and cold spots (“Low-Low”
countries) in green. “High-Low” and “Low-High” countries are respectively shown in orange and
yellow. Countries shown in grey are devoid of any spatial autocorrelation. Broadly speaking, the LISA
map highlights 66 countries, equivalent to 56% of the sample, falling into the “High-High” and “LowLow” quadrants. Agglomerations of hot spots exist across Europe, Northern America, and Oceania with
wide stretches of the same red colour. While the notion of neighbourhood in this analysis is determined
by the level of economic development, the fact that these countries aggregate geographically into actual
regional territories reflects a relatively equal economic distribution in Europe, Northern America and
Ocean. For these regions, more than likely nearby countries experience the same degree of economic
development. Besides, other “High-High” countries are scattered in East Asia (South Korea, Japan),
West Asia (Israel, Kuwait), and South America (Argentina). These countries are classified in the same
group (High-High) even though they are not nearby each other in the usual geographical sense. The
reason is that these are considered rich countries and their levels of calorie consumption are similar to
those of other wealthy countries across Europe and Northern America. This grouping is therefore in
line with the economic proximity measure adopted in this analysis (instead of the conventional
geographical distance). On the other hand, there are some cold spots located in Africa and South Asia
which are coloured in green. The LISA map also shows some atypical cases of calorific countries
without spatial dependence with their neighbouring countries. Africa is an intriguing continent which
is home to the only two significant “High-Low” (Morocco and Egypt) and “Low-High” countries
(Botswana and Gabon). The message conveyed by these labels is that the calorie levels in Morocco and
Egypt are on average higher than in other countries of the same income level (say India). By contrast,
individuals in Botswana and Gabon – the two upper-middle-income countries – consume on average
lower calories than their peers with comparable incomes in say Turkey. The existence of these “HighLow” and “Low-High” cases demonstrates that the association between income and calorie
consumption is not always positive but negative for a small number of countries. This nuance highlights
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that the influence of income on diets is non-linear and that even among countries with similar level of
economic development, socio-cultural differences can lead to heterogenous food consumption patterns.

Figure 6.11 Moran Scatterplot (top) and LISA map (bottom) for average daily per capita
calories 1961-2013.
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Another notable feature from the LISA map is that the local Moran’s I values for 48 countries
(approximately 41% of the sample) are not statistically significant at 5% significance level. Income,
even though can account for on average 56% of the similarities among national diets, is not the only
predictor. For example, as shown in the LISA map the equator somewhat divides the globe into two
halves so that low-calorie countries tend to be clustered around the tropics whereas highly calorific
countries in places further towards the poles. Clearly, even after accounting for economic dependence
the impact of climatic conditions remains somewhat profound. While it seems reasonable for countries
further away from the tropics to have higher need for calories due to the colder temperature and
countries near the tropics lower need due to the warmer temperature, this may not capture the whole
picture. In fact, most of countries located around the tropics are developing countries where the
availability of foods and fruits that are wild or home grown (not going through the marketplace) is larger
than in Western/temperate countries. Such foods are not accounted for in the Food Balance Sheet data,
and this could potentially explain why diets around the tropics are less calorific.
To sum up, as countries further develop and become richer, they tend to increase their calorie
consumption. Broadly speaking, the degree of economic development determines the overall trend in
diets (high- or low-calorie). The heterogeneity of country typologies based on the local Moran’s I values
implies that if convergence process exists it would be different between regions (“clubs”) made up by
say “High-High” versus “Low-Low” countries. The fact that a large portion of the sample is associated
with insignificant spatial autocorrelation questions the role played by income. Nevertheless, it should
be mentioned that the spatial metric used in this analysis is merely average income over the period
1970-2013. While the majority of countries have always belonged to a specific income category for
example Canada in the richest group and Cambodia in the poorest group, for others the progress/regress
in GDP per capita could be profound. For instance, China was associated with the 1 st quantile group
(low-income) in 1970 but the 3rd quantile group (upper-middle-income) in 2013. Consequently, its
neighbourhood matrix could vary greatly between 1970 and 2013, and so does its local Moran’s I value.
Since the switching behaviour in the income quantile group is documented for 33 countries (28% of the
sample), more than likely the insignificant autocorrelation figures observed in the LISA map are
attributed to the time-varying nature of the associated neighbourhood matrix. Another important factor
to consider is the distribution of income within each country. The use of an aggregate measure like
national GDP per capita in this analysis may mask detailed patterns of differences in income levels
across population subgroups. This distinction can be crucial for assessing within-country patterns of
food consumption. As an illustration, though Vietnam is classified as a “Low-Low” country indicating
the low-calorie characteristic of an average Vietnamese diet, such a label does not apply to some
wealthy individuals with the adoption of the ‘Western’ dietary patterns. That said, even after taking into
account income, individual attributes including demographic, psychometric, attitudinal and lifestyle
factors have created persistent heterogeneity of consumption patterns within and between countries
(Dubois et al. 2014). A discussion on these factors is referred to Section 2.2.2 and 2.5.2 (Chapter 2). In
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addition, migration (Atkin 2016) and cultural distance (De Sousa et al. 2018) might play an ineluctable
role.

6.4.3

Results from the spatial beta convergence model

Unconditional spatial beta convergence analysis
The previous section reveals significant spatial dependence among countries in terms of national food
consumption: the richer the country, the higher the calorie consumption. As such, the positive spatial
autocorrelation in the average calorie data is likely to signal a similar kind of dependence when
estimating the convergence rate and convergence level from a cross-sectional beta convergence model.
As discussed in Section 6.2.2, ignoring the ‘space’, i.e. disregarding such a correlation in the regression
analysis could hinder the OLS estimation results of the beta convergence model due to omitted variable
bias. In this section, in order to identify the presence and type of spatial effects in the regression model
the bottom-up approach described in Figure 6.6 is adopted. First, a non-spatial model of beta
convergence in the following form is estimated by the OLS estimation method:
𝑦𝑖,𝑡 +𝑇
1
log ( 𝑦 0 )
𝑇
𝑖,𝑡0

= 𝐵 + 𝛽 log(𝑦𝑖,𝑡0 ) + 𝜀𝑖

(6.2)

where 𝑦𝑖,𝑡0 and 𝑦𝑖,𝑡0 +𝑇 are respectively the per capita daily calories of country i in the initial and final
periods; 𝑇 is the number of years; 𝜀𝑖 is the standard error term being independent and identically
distributed with mean zero and variance 𝜎𝜀2 . A significantly negative 𝛽 is indicative of beta
convergence whereas a significantly positive 𝛽 indicates divergence.
The next step is to detect the presence of spatial autocorrelation in the residuals of the nonspatial model (6.2) using the Global Moran’s I statistics. If spatial autocorrelation exists, it is necessary
to determine the source of the spatial autocorrelation as well as the alternative spatial model. To
reiterate, there are two main sources of spatial dependence: (i) measurement errors due to omitted
variables that are otherwise not crucial to the model; and (ii) the interaction of localities. The former,
also known as ‘nuisance dependence’, is likely to occur and evident in most data sets of empirical
studies while the latter is referred to as ‘substantive form’ of spatial autocorrelation. If the data shows
spatial dependence of the nuisance form, the detected spatial dependence stems from country-specific
factors (or national effects) rather than interaction effects between localities (or spill-overs). In that
case, the Spatial Error Model (SEM) is more appropriate to describe the data, and the error terms in
equation (6.2) are modelled using spatial moving average or spatial autoregressive process. If the spatial
dependence is of substantive form, it means that spill-overs not only exist but are also an important
determinant of the convergence process: the growth rate in one country is affected by the growth rate
of its neighbours. This problem is resolved by applying the Spatial Lag Model (SAR) which adds a
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spatially lagged variable (i.e. the calorie level of neighbouring countries) on the right-hand side of
equation (6.24).
How do we discriminate between these two spatial dependence effects? The LM procedures
illustrated in Figure 6.6 can provide some guidance on model specification. If the LM-lag statistic is
significant whilst the LM-error is not, then the SAR model is recommended. On the contrary, if the
LM-error is significant while the LM-lag is not, then the SEM model should be selected. When both
LM test statistics are highly significant, then the one with the higher robust LM test statistic is likely to
be the correct specification.
Results of the regression model and relevant tests are displayed in Table 6.5. The Global
Moran’s I statistic is significantly positive (0.211), implying positive spatial autocorrelation. Being a
global measure of spatial dependence, it gives neither conclusions about the source of spatial
dependence nor guidance on which alternative spatial model is more appropriate, which are tasks of the
LM tests. The significant LM-err statistic strongly points to the spatial dependence of nuisance form
and advises the employment of the SEM model as the alternative to the original OLS model. Hence, a
SEM model of the following form is to be estimated:
1
𝑇

log (

𝑦𝑖,𝑡0 +𝑇
𝑦𝑖,𝑡0

) = 𝐵 + 𝛽 log(𝑦𝑖,𝑡0 ) + 𝜀𝑖

(6.24a)

𝜀𝑖 = 𝜆𝑊 𝑐 𝜀𝑖 + 𝑢𝑖

(6.24b)

where 𝜆 is the spatial autoregressive parameter quantifying the intensity of spatial autocorrelation
between regression residuals, and 𝑊 𝑐 denotes the spatial weight matrix representing the economic
contiguity.
To recap, an SEM model in equations (6.24a, b) can be estimated by Maximum Likelihood
(ML), quasi-Maximum Likelihood, instrumental variables, or Generalised Moments (GM) methods. In
this analysis, the GM procedure (Kelejian and Prucha 1999) is adopted and the results are presented in
Column (2) of Table 6.5.
The GM estimator was originally motivated by the computational difficulties of the ML
estimator which may not be computationally feasible if the sample size is moderate or large. A critical
advantage of the GM estimator is simplicity of computation and that it ignores the Jacobian term, thus
avoiding many problems related to matrix multiplication, matrix inversion, the computation of
characteristic roots and/or Cholesky decomposition which are often involved in an ML procedure
(Elhorst 2014). Another advantage of the GM estimator is that it does not rely on the assumption of
normality of the disturbances 𝑢 (Bell and Bockstael 2000). Nonetheless, it assumes that the disturbances
𝑢𝑖 are independently and identically distributed for all i with zero mean and variance 𝜎 2 . The rationale
behind the GM estimator is that Kelejian and Prucha (1999) use nonlinear least square to obtain a
consistent generalised moment estimator for lambda 𝜆 so that the consistency of the resulting spatially
weighted estimator is assured. That is to say the authors were not necessarily interested in the inference
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about lambda 𝜆 per se, but in its estimate as a way to obtain consistent estimators for beta 𝛽. Lambda
therefore is considered a nuisance parameter whose only role is to provide a consistent estimator for the
regression coefficients (Anselin 2003). Its significance cannot be assessed and in fact the authors do not
provide an asymptotic variance for lambda2.
Table 6.5 Unconditional beta convergence regression: Estimation results.
(6)

(1)
OLS

(2)
SEM

(3)
OLS

(4)
SEM

(5)
OLS

SEM

1961-2013

1961-2013

1961-1998

1961-1998

1999-2013

1999-2013

0.089***
(0.009)

0.134***
(0.011)

0.076***
(0.014)

0.148***
(0.016)

0.133***
(0.017)

0.133***

Intercept

-0.011***
(0.001)

-0.017***
(0.001)

-0.009***
(0.002)

-0.019***
(0.002)

-0.016***
(0.002)

-0.016***

log(initial calories)

Lambda 𝜆

-

0.047
(0.262)

-

0.048
(0.384)

-

Number of
observations

118

118

118

118

118

118

Models

(0.017)

(0.002)
0.0009
(0.966)

Spatial diagnosis
Moran’s I (errors)

0.21***

-

0.19***

-

0.002
[0.37]

-

LM-lag

1.04
[0.31]

-

1.04
[0.31]

-

0.10
[0.75]

-

LM-error

73.90***

-

61.86***

-

0.01
[0.94]

-

Robust LM-lag

41.26***

-

45.26***

-

Robust LM-error

114.12***

-

106.09***

-

0.21
[0.65]
0.12
[0.73]

-

-

Convergence statistics
Convergence speed
per year (%)

1.63

4.00

1.15

3.18

1.84

1.85

Half-life (years)

42.64

17.30

60.05

21.81

37.59

37.52

Note: All test results are not significant unless indicated otherwise. Standard errors are inside the parentheses.
[p-values] are reported for spatial diagnosis tests if the test statistic is not significant.
*** Significant at 𝑝 ≤ 0.01; ** Significant at 𝑝 ≤ 0.05; * Significant at 𝑝 ≤ 0.1.

2

The output presented in Table 6.5 however reports standard error for lambda which is derived from the analytical

method outlined in http://econweb.umd.edu/~prucha/STATPROG/OLS/desols. pdf.
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As can be seen in Table 6.5, the lambda parameter 𝜆 is positive (0.047), confirming positive
spatial autocorrelation among the error terms. More specifically, the detected spatial dependence is
caused by country-specific factors (national effects) rather than spill-overs. These results suggest that
the spatial effects among neighbouring countries are limited to error terms or unmodeled factors. In this
respect, a random shock to a specific country will not only affect the growth rate of calorie consumption
in the respective country but will also diffuse throughout the entire neighbourhood because of the spatial
dependence of the error terms. Movements away from a steady state equilibrium induced by a shock
are not restricted to the corresponding country but apply to a set of economically adjacent countries.
Turning to the coefficients estimated from the model (6.24a, b), the beta coefficient is
significantly negative (-0.017), implying that countries with lower initial levels of calories tend to
exhibit faster growth rates (the ‘catching-up’ effects). The associated annual convergence speed over
the period is 4% and the half-life measure is 17 years. As compared to the OLS model, the consideration
of the spatial error autocorrelation leads to a more robust beta convergence process. This finding thus
shows that economically close countries tend to converge more rapidly to similar levels of calories and
ignoring spatial interaction leads to biased estimates of the speed of convergence. While it has been
shown that theoretically a spatial model would always yield a greater convergence speed as being
augmented with neighbouring effects (Ahmad and Hall 2017), in practice such neighbouring effects can
stem from the interaction between agricultural policies. For example, developing countries have tended
to pursuit anti-agricultural and anti-trade policies by taxing their agricultural sectors (rather than
subsidising them). Conversely, government policies in developed countries have been characterised by
high levels of support and protection for agricultural sectors. This disarray in agricultural policies has
exerted uniform impacts of over-production in high-income countries and under-production in moreneedy developing countries (Anderson 2010; OECD 2019a).
In Figure 6.7, the coefficient variation shows a break in year 1998 and that the period 19992013 is characterised by a sharp sigma convergence process. The beta convergence was examined by
splitting the data into two sub-periods. The overall results suggest a faster convergence process over
the past decade, and when income dummies are included in the beta convergence equation neither the
dummy variables nor their interaction terms with the initial level of calories prove to be significant in
the latter period. These findings signal the less likelihood of a spatial dependence process among
national diets since the Millennium. In order to test this formally, the spatial analysis is replicated for
two sub-periods: 1961-1998 and 1999-2013.
Columns (3) of Table 6.5 reports the OLS estimation results for the former period. The Global
Moran’s I statistic of 0.19 is highly significant and rejects the null hypothesis of uncorrelated errors.
Next, the strongly significant LM-error statistic favours the SEM as the appropriate model to handle
the spatial effects. Therefore, the detected spatial dependence is caused by omitted variables that
otherwise are not crucial for the model. A SEM model as specified in equations (6.24a, b) is estimated
by the GM estimation method and the coefficients are displayed in Column (4) of Table 6.5. The spatial
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autoregressive parameter 𝜆 is positive (0.048), suggesting positive spatial autocorrelation among error
terms. Similar to the SEM estimation results for the whole period, the inclusion of spatial effects in the
unconditional beta convergence model during the period 1961-1998 leads to a significant and more
negative beta coefficient (-0.019 for SEM versus -0.009 for OLS). Again, a faster convergence process
is revealed: the associated speed of convergence is 3.18% per year and the half-life is 22 years.
When the beta convergence model is investigated for the latter period 1999-2013 as shown in
Column (5), however, the Global Moran’s I statistic becomes insignificant, eliminating the possibility
of spatial dependence. In addition, none of the LM tests or the robust variants appears to be significant.
For the sake of comparison, estimations from a SEM model is provided in the last column of Table 6.5.
As expected, the beta coefficient remains unchanged and is significantly negative (-0.016). Nonetheless,
the lambda becomes very close to zero (0.0009), offering little evidence for the spatial interaction
among the error terms. In this case, the rate of convergence obtained from a spatial model (SEM) is
very similar to what obtained from a non-spatial model (OLS). Both results indicate that national diets
are converging at the pace of approximately 1.8% per annum. Here, the less apparent role of spatial
effects implies that the influence of other countries might still be strong in the latter period but not
confined to countries within the proximate ‘neighbourhood’. The acceleration of globalisation process
accompanied by an increased number of bilateral and international trade agreements as well as the rise
of supranational organisations and transnational companies has allowed individuals in developing
countries to increasingly be exposed with and to adopt the eating styles from richer countries. This
signals the ‘Westernisation’ transition of diets around the world, and as a result, dietary patterns that
are once characterised by wealthier countries are no longer limited to the West.
So far, unconditional beta convergence analysis (with and without spatial effects) points to the
‘catching-up’ effects, i.e. countries with the initially low levels of calories exhibit higher growth rates
of calories and therefore the calorie consumption across national borders would converge in the long
run. However, a more difficult question is to decide whether countries converge to the same steadystate level of calories or if by virtue of the existence of distinct equilibria, convergence is rather relative
than absolute. Given the slow absolute convergence speed (in the absence of spatial interaction) and the
high relevance of spatial effects (due to omitted variables), it is unlikely that countries would converge
to the same steady-state level. In that case, an analysis of conditional beta convergence is recommended.

Conditional spatial beta convergence analysis
Similar to the previous section, the bottom-up approach described in Figure 6.6 is adopted to identify
the presence and type of spatial effects in the conditional beta convergence regression model. First, a
non-spatial conditional growth model is defined as follows:
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𝑦𝑖,𝑡 +𝑇
1
log ( 𝑦 0 )
𝑇
𝑖,𝑡0

= 𝐵 + 𝛽 log(𝑦𝑖,𝑡0 ) + ∑𝐽𝑗=1 𝜋𝑗 𝑍𝑗𝑖 + 𝜀𝑖

(6.23)

where 𝑦𝑖,𝑡0 and 𝑦𝑖,𝑡0 +𝑇 are respectively the per capita daily calories of country i in the initial and final
periods; 𝑇 is the number of years; 𝑍𝑗𝑖 includes the set of 𝐽 additional control variables which vary over
countries; and 𝜀𝑖 is the standard error term being independent and identically distributed with mean zero
and variance 𝜎𝜀2 . More specifically, 𝑍𝑗𝑖 comprises the average percentage of arable land in the total land
area, the average growth rate of income, the average percentage of urban population, and the average
female participation rate in the labour force. 𝐵 , 𝛽 and 𝜋𝑗 (𝑗 = 1, … ,4) are the parameters to be
estimated.
As can be seen from the results of the spatial diagnosis tests in Table 6.6, the Global Moran’s I
statistic is significantly positive, rejecting the null hypothesis of uncorrelated errors. Further, the
significant LM-lag statistic points to the spatial lag model (SAR) as the appropriate model to handle the
spatial effects. Thus, a spatial lag model in the case of conditional beta convergence is specified as
follows:
𝑦𝑖,𝑡 +𝑇
1
log ( 𝑦 0 )
𝑇
𝑖,𝑡0

1

= 𝜌𝑊 𝑐 𝑇 log (

𝑦𝑖,𝑡0 +𝑇
𝑦𝑖,𝑡0

) + 𝐵 + 𝛽 log(𝑦𝑖,𝑡0 ) + ∑𝐽𝑗=1 𝜋𝑗 𝑍𝑗𝑖 + 𝜀𝑖

(6.25)

where 𝜌 is the spatial autoregressive parameter quantifying the intensity of spatial autocorrelation
between the dependent variable, and 𝑊 𝑐 is the spatial weight matrix representing the economic
contiguity.
The model (6.25) is estimated by the Maximum Likelihood (ML) method and the results are
displayed in the second column of Table 6.6. Overall, the spatial lag regression results are comparable
with the non-spatial OLS model with a few notable exceptions. Among the structural indicators, the
effect of a one percent increase in the proportion of arable land between 1961 and 2013 is lessened from
a 0.4 per cent decrease to a 0.3 per cent decrease. Conversely, the effect of a one percent increase in the
growth rate of GDP is heightened from a 11.1 per cent increase to a 12.1 per cent increase. Economic
conditions become more important whereas agroecological conditions become less influential when
controlling for the spatial dependence. For the remaining independent variables, the direction of the
relationship as well as the magnitude of the effect remains the same as with the OLS model.
The rho parameter (𝜌) represents the average influence of the calorie growth in neighbouring
countries on the dependent variable. This parameter is statistically significant and indicates the presence
of spatial dependence among countries in terms of spill-overs. Particularly, the negative sign of rho
shows a negative spatial feedback effect. In other words, if a country is surrounded by countries with
high growth, this negatively affects its own growth rate of calories.
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Table 6.6 Conditional beta convergence regression: Estimation results.
(4)

(1)
OLS

(2)
SAR

(3)
OLS

SEM

(5)
SAR

(6)
OLS

1961-2013

1961-2013

1961-1998

1961-1998

1961-1998

1999-2013

0.128***
(0.010)

0.134***
(0.010)

0.145***
(0.015)

0.151***

Intercept

0.145***
(0.015)

0.070***
(0.026)

-0.017***
(0.001)

-0.017***
(0.001)

-0.019***
(0.002)

-0.019***

log(initial calories)

(0.002)

-0.018***
(0.002)

-0.016***
(0.003)

0.004**

0.003**

0.005**

0.005**

0.005**

8.7 × 10−5

(0.002)

(0.002)

(0.002)

(0.002)

(0.002)

(0.003)

0.111*

0.121**

-0.004

-0.006

-0.007

0.770***

(0.057)

(0.053)

(0.027)

(0.026)

(0.026)

(0.139)

0.008***

0.008***

0.011***

0.010***

0.011***

0.006**

(0.001)

(0.001)

(0.002)

(0.002)

(0.002)

(0.003)

-0.003**

-0.003***

-0.005***

-0.005***

-0.006***

-0.0001

(0.001)

(0.001)

(0.002)

(0.002)

(0.002)

(0.002)

-

-

Models

Arable land

Income growth

Urban population

Female employment

-0.026***

Rho 𝜌

-

Lambda 𝜆

-

-

-

Number of
observations

118

118

118

Maximum VIF

1.98

-

2.09

(0.010)

(0.015)

-0.012***
(0.012)

-

0.008
-

-

118

118

118

-

-

2.29

(0.779)

Spatial diagnosis
Moran’s I (errors)

0.009
[0.12]

-

0.025**

-

-

-0.007
[0.53]

LM-lag

3.074*

-

0.252
[0.61]

-

-

0.071
[0.79]

LM-error

0.149
[0.69]

-

1.107
[0.29]

-

-

0.077
[0.78]

Robust LM-lag

5.549**

-

3.151*

-

-

-

4.010**

-

-

Robust LM-error

2.63
[0.11]

0.326
[0.57]
0.332
[0.56]

Convergence speed
per year (%)

3.99

4.40

3.18

3.41

3.12

1.82

Half-life (years)

17.37

15.74

21.82

20.31

22.21

38.09

Note: All test results are not significant unless indicated otherwise. Standard errors are inside the parentheses.
[p-values] are reported for spatial diagnosis tests if the test statistic is not significant.
*** Significant at 𝑝 ≤ 0.01; ** Significant at 𝑝 ≤ 0.05; * Significant at 𝑝 ≤ 0.1.
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It should be noted that the inclusion of spatially lagged variables in the regression model
complicates the interpretation of the coefficients and the coefficients for independent variables cannot
be explained in the same manner as the OLS or the SEM. As a matter of fact, “past studies using spatial
regression models frequently interpreted the model estimates incorrectly” (LeSage and Pace 2014,
p.77). The reason is that a change in the initial level of calories in country i not only affects the calorie
growth in country i (“direct impact”), but it also influences the growth rate of calories in the surrounding
countries. Since the calorie consumption of the neighbours has changed, this in turn affects the growth
rate of calories in country i (“indirect impact”). In order to appropriately understand the spatial
relationships, the coefficient estimates of the spatial lag model are decomposed into direct and indirect
impacts and reported in Table 6.7. The estimated coefficients of the direct effects are used to compute
the speed of convergence and the half-life measure.
Table 6.7 Impact calculations for spatial lag regression estimates.
SAR (1961-2013)
Variables

SAR (1961-1998)

Direct

Indirect

Total

Direct

Indirect

Total

impacts

impacts

impacts

impacts

impacts

impacts

log(initial calories)

-0.017 ***

0.007 ***

-0.010 ***

-0.019 ***

0.005

-0.014 ***

Arable land

0.003 **

-0.001 *

0.002 *

0.005 **

-0.001

0.004

Income growth

0.122 **

-0.053 *

0.069 *

-0.007

0.002

-0.005

Urban population

0.007 ***

-0.003 ***

0.004 ***

0.011 ***

-0.003

0.008 ***

Female employment

-0.003 **

0.002 *

-0.001 **

-0.005 ***

0.001

-0.004 **

Note: Significance is established using a simulation approach (LeSage and Pace 2009).
*** Significant at 𝑝 ≤ 0.01; ** Significant at 𝑝 ≤ 0.05; * Significant at 𝑝 ≤ 0.1.

Direct impact expresses the marginal effect of a one percent change in the independent variable
on the dependent variable in the same country. For example, if country i increases the share of arable
land, what will be the influence on the growth rate of calorie in country i? Indirect impact represents
the marginal effect on the dependent variable of the country itself due to a one percent change in the
independent variable of all neighbouring countries. This measure indicates the effects of all other
countries j raising the share of arable land on the growth rate of calories in country i. Total impact is
the sum of direct and indirect impact. If all countries increase the share of arable land, what will be the
average effect on the growth rate of calories in a typical country?
It can be seen from Table 6.7 that for each predictor, the indirect impact is smaller in magnitude
than the direct impact suggesting little spill-over effects. Still, a couple of significant indirect effects
are worth mentioning. Regarding the initial level of calories, a positive spill-over effect is detected.
Neighbouring countries with more calorific diets can spread their eating habits for example via food
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trades, international marketing campaigns and increased cultural exchange, consequently exerting a
positive effect on the calorie growth in one’s own country. A negative spill-over effect is reported for
the share of urban population, suggesting that being associated with more urbanised neighbouring
countries reduces the calorie growth rate of one’s own country. In nations with more rapid urbanisation,
there are increasing demands for calorie-dense foods such as meat, dairy products and vegetable oils,
and this leads to a rise in the price of these non-staple products, making them less affordable and less
consumed in one’s own country. Another feature from Table 6.7 is that the total impacts comprise
mostly the direct impacts which are more or less comparable with the SAR coefficients reported in
Table 6.6.
Next, the analysis of conditional spatial beta convergence is replicated for two sub-periods:
1961-1998 and 1999-2013. For the former period, the significant Moran’s I index offers evidence for
the spatial dependence while both of the robust LM statistics are significant. For the sake of comparison,
both spatial lag and spatial error models are estimated, and the results are presented in Columns (4) and
(5) of Table 6.6. Broadly speaking, the estimates from the SEM are not dramatically different from
those reported for the OLS. Therefore, it’s not surprising that the rate of convergence and the half-life
measure do not vary much, being 3.2% and 22 years respectively. The lambda parameter is negligible
(0.008) and statistically insignificant, indicating no spatial dependence among the error terms.
For the SAR model, the impacts of controlling for spatial dependence are apparent in the initial
level of calories and the female participation in the labour force. The former exerts a smaller magnitude
of effects than in the OLS model and the latter exerts a larger magnitude. The rho parameter is
significantly negative (-0.012) and hence points to negative spill-over effects. To better understand the
influence of spatial dependence, the SAR estimates are disentangled into direct and indirect effects.
Table 6.7 shows that none of the indirect effects is statistically significant, suggesting that changes in
the structural conditions in neighbouring countries do not affect the calorie growth of one’s own country.
Most of the direct impacts are actually comparable with the SAR estimates in Table 6.7. Two notable
exceptions are the initial level of calories and the female employment. A one percent increase in the
former is associated with a 0.19 percent decrease in the calorie growth rate, which represents a larger
effect than the 0.18 percent decrease predicted by the SAR coefficient. A smaller impact is observed
for the latter: there is a 0.5% reduction in the growth rate of calories per one percent increase in the
female employment rate – which is less than the 0.6% decrease implied by the SAR coefficient. In terms
of convergence statistics, the SAR indicates a slightly slower convergence process with the annual
speed of 3.1%. This slowdown could certainly be attributed to the negative spill-over effects.
The OLS estimations for the conditional beta convergence in the latter period 1999-2013 are
presented in the last column of Table 6.7. Spatial diagnosis tests are applied and the results of both
Moran’s I statistic and LM tests are not statistically significant. Similar to the result from the
unconditional beta convergence model, spatial dependence is not detected in the latter period 19992013. The absence of spatial effects is somewhat predicted since the conditional beta convergence
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specification incorporates a range of structural indicators controlling the impact of omitted variables
which otherwise could ignite interactions among countries.
In summary, the conditional beta convergence analysis of calorie growth reveals a more robust
convergence process over the past half a century at an annual rate equivalent to that from the spatial
model of unconditional beta convergence. These findings confirm that countries are open to a range of
demographic and socio-economic flows and exhibit spatial proximity in dietary convergence. With the
liberalisation of trade, the diffusion of technologies and the expansion of global mass media, individuals
in less developed countries are continually exposed to the heavily advertised dietary habits and eating
behaviours related to the ‘Western’ diet typical of those living in developed countries. Even after
considering these structural conditions, there is some evidence for the negative spill-over effects which
might imply behavioural changes due to the adverse health consequences of the highly calorific diet.
While agroecological, social, economic and demographic factors are proved to influence the
growth rate of calories, rising income has been the main driver for rising calorie consumption over the
past 15 years. This finding has crucial policymaking implications especially when a measure of
economic proximity is considered. During the process of economic development, low-income countries
may direct their attention and efforts towards improving their infrastructure characteristics to a level
similar to that of high-income countries. Since the convergence speed is augmented with spatial effects,
two countries with similar characteristics are expected to have greater spatial interaction and would
eventually converge to similar levels of calories and therefore worsening diets. Although the economic
gap between poor and rich countries might seem too big to be bridged soon, the half-life signals that it
will not be long until the world will be drowning in unhealthy diets.
6.4.4

Testing the exogeneity of income

An important concern in the estimation of calorie-income relationship is the potential endogeneity of
income and this issue has been raised in many empirical studies (see, among others, Bouis and Haddad
1992; Abdulai and Aubert 2004; Ogundari and Abdulai 2013; Zhou and Yu 2015; De Sousa et al. 2018;
Trinh Thi et al. 2018a). Particular attention is paid to the endogeneity due to simultaneity bias as the
direction of causation between calorie consumption/availability and income occurs in both directions.
On the one hand, it has been long established in the literature that nutritional status is determined by
income, and therefore undernutrition and hunger which are assumed to be related to economic
underdevelopment in developing countries could be alleviated by the means of economic growth
(Abdulai and Aubert 2004). This idea is conveyed in the Engel’s law, which states that individuals tend
to increase calorie consumption as income rises, but the marginal growth rate would reduce when the
calorie intake reaches the saturation point (Skoufias et al. 2011). On the other hand, several researchers
argue that unemployment and poverty could be the result of not having enough to eat or poor diet
(Subramanian and Deaton 1996). According to the efficiency wage hypothesis (Stiglitz 1976), higher
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intakes of calories/nutrients lead to higher productivity of workers thanks to improved health status and
this can contribute to better wages and higher wealth. Such a reverse causality can be a source of
endogeneity related to using income as the explanatory variable in the conditional beta convergence
estimation and could cause biased estimates of beta coefficient. Therefore, it is of crucial importance to
acknowledge the causal link between dietary intake (health status) and economic growth especially in
poor countries (Well 2007) and that income growth is not a strictly exogenous contributor to better diets
(Traill et al. 2014).
From the econometrics perspective, the error term must be unrelated to the regressors, or
𝐸(𝜀|𝑥) = 0, in order for an OLS estimation to give consistent estimators. If this assumption is violated,
the endogeneity issue arises. A common approach to deal with endogeneity in the empirical literature
is using instrumental variables. The instrumental variable, 𝜑, is chosen in such a way that it needs to be
correlated with the endogenous variable 𝑥 but uncorrelated with the error term, 𝐸 (𝜀 |𝜑) = 0 (Cameron
and Trivedi 2009). In the context of estimating the relationship between income and calorie
consumption, some instrumental variables have been proposed in previous studies, including non-food
expenditure (Subramanian and Deaton 1996; Trinh Thi et al. 2018a) and rainfall variation (Mangyo
2008). In this research, the share of non-food expenditure is employed as an instrumental variable for
income in the conditional beta convergence specification.
To this end, a conditional beta convergence model for a subset of 90 countries during the period
1990-2010 are examined. The smaller size of sample data as well as shorter time span is due to the
availability of expenditure data. The share of non-food expenditure is derived as:
𝑛𝑓𝑖𝑡 = 1 − 𝑓𝑖𝑡

(6.26)

where 𝑛𝑓𝑖𝑡 and 𝑓𝑖𝑡 refer to the share of non-food expenditure and food expenditure respectively for
country i in year t. Data on the share of food consumption expenditure in total consumption expenditure
are retrieved from the FAO Statistics Household Survey Database, International Labour Organisation
and country publications (FAO 2017a). Food consumption expenditure refers to the monetary value of
acquired food, purchased and non-purchased, including non-alcoholic and alcoholic beverages as well
as food expenses on away from home consumption such as in bars, restaurants, canteens, and street
vendors. Total consumption expenditure refers to the monetary value of acquired goods for
consumption, food and non-food items, consumed by members of household.
Results from using instrumental variable (IV) and OLS regressions are presented in Table 6.8.
The sign of all explanatory variables is similar in both estimations; however, the significance of many
variables differs. Notably, the beta coefficient for log(initial calories) remains the same, and as a result,
the IV estimation leads to a similar conditional convergence process with more or less the same
convergence speed and half-life measure as the convergence statistics obtained from the OLS approach.
Nonetheless, instrumenting appears to attenuate and remove the effect of income growth, arable land
and urbanisation on calorie growth.
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The IV approach assumes that income growth is endogenous; yet, if income growth is in fact
exogeneous, the OLS estimates would be more efficient. In order to test for the exogeneity of income
growth, the Durbin-Wu-Hausman test with the null hypothesis that income growth is exogeneous is
utilised and the test statistics (Durbin 1954; Wu 1974; Hausman 1978) are reported in Table 6.9. The
difference between the Durbin and Wu-Hausman tests of endogeneity is that the former uses an estimate
of the error term’s variance based on the model assuming the variables being tested are exogeneous
while the latter uses an estimate of the error variance based on the model assuming the variables being
tested are endogenous. Under the null hypothesis that the variables being tested are exogenous, both
estimates of the error variance are consistent (StataCorp 2019). As can be seen in Table 6.9, both test
statistics are highly insignificant. The associated large p-values indicate that the hypothesis cannot be
rejected, and one cannot reject the exogeneity of income growth in the conditional beta convergence
model. Therefore, the OLS estimates are more efficient.
Table 6.8 Comparing regression results from OLS and IV estimations.
(1)
OLS
0.173***
(0.023)
-0.023***
(0.003)
0.007**

(2)
IV
0.176***
(0.030)
-0.023***
(0.003)
0.006

(0.003)

(0.004)

0.096***

0.001

(0.024)

(0.597)

0.011***

0.009

(0.003)

(0.012)

0.003

0.003

(0.003)

(0.005)

Number of observations

90

90

Convergence speed per year (%)

3.06

3.04

Half-life (years)

22.69

22.81

Models
Intercept
log(initial calories)
Arable land

Income growth

Urban population

Female employment

Note: All test results are not significant unless indicated otherwise. Standard errors are inside the parentheses.
*** Significant at 𝑝 ≤ 0.01; ** Significant at 𝑝 ≤ 0.05; * Significant at 𝑝 ≤ 0.1.

Table 6.9 Exogeneity test results.
Test statistic

p-value

Durbin

0.030

0.862

Wu-Hausman

0.028

0.868
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6.5

Chapter conclusion

This chapter aims to shed a light into the convergence in global diets using the per capita daily calories
available for consumption for 118 countries over the period 1961-2013. To this aim, sigma and beta
convergence methodologies are investigated.
The narrowing dispersion between national calorie availability suggests sigma convergence
particularly over the last two decades. Unconditional beta convergence is confirmed and countries with
lower levels of initial calories tend to exhibit higher growth rates (the ‘catching-up’ effect). Dummy
variables representing different income levels are incorporated into the model and the results highlight
income to be an important determinant at the early stage of convergence. In addition, low-income
countries have been converging at the fastest pace, and the convergence rate reduces as income rises.
In order to account for different structural conditions between countries, a range of agroecological,
socio-economic, and demographic variables are included in the conditional beta convergence
specification. While agroecological, social, economic and demographic factors are proved to influence
the growth rate of calories, rising income has been the major driver for rising calorie consumption over
the past 15 years.
A significant contribution of the convergence analysis in this study is the consideration of a
spatial dimension in the traditional beta convergence model. This is an innovative approach to examine
the role of space as a contextual factor for dietary behaviour. Three different proxies for spatial
relationship are employed: (i) geographical distance, (ii) geographical contiguity, (iii) economic
contiguity. The proposal of income (average GDP/capita) as the proximity measure emphasises income
level (rather than geographical closeness) that is driving the similarities in diets observed worldwide.
Results from the Global Moran’s I statistics reveal that economic proximity is the only to yield
significant (and positive) spatial autocorrelation, i.e. countries with similar income level tend to have
similar diets. Economic proximity is hence considered in the spatial beta convergence testing.
In the unconditional beta convergence specification, there is evidence for the spatial
dependence stemming from country-specific factors (national effects) rather than spill-overs. The
spatial error model (SEM) is estimated and results point to a faster absolute beta convergence. Thus,
ignoring the spatial relationship underestimates the convergence dynamics. In the conditional spatial
beta convergence model, even after controlling for the structural indicators, evidence suggests the
negative spill-over effects which might imply behavioural changes due to the adverse health
consequences of the highly calorific diet.
This study is not without limitations. First, the Food Balance Sheet data should be interpreted
as food available for human consumption rather than food consumption as food waste is not accounted
for. This kind of apparent consumption data tends to mask other issues such as hunger and
undernutrition that often coexist with overnutrition. Second, other controls could be added to the
convergence model, and the club convergence analysis could be conducted with different country
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groupings (for example, based on population size or language spoken). Another limitation is that food
prices are not considered in the analysis. While income is a significant determinant for calorie
consumption, without the cost of food, it is impossible to know the extent to which individuals substitute
one food for another. However, the absence of historical data on relative food prices corresponding to
food categories listed in the FBS is a great barrier.
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Chapter 7

What are the world’s diets? Identifying common trends of food
consumption around the world

7.1

Chapter introduction

Motivated by the convergence phenomenon in economics that poorer economies tend to grow faster
than richer economies (the ‘catching-up’ effect), the empirical analysis in Chapter 6 applied the
convergence testing frameworks in the topic of food consumption.
Dietary convergence implies that food consumption patterns across countries are becoming
more similar. In assessing the similarity in diets across national borders, a large number of previous
studies utilise cluster analysis to identify which countries naturally group together in terms of food
budgets (Bertail and Caillavet 2008; Erbe Healy 2014; Staudigel and Schröck 2015) or food
consumption behaviours (Gil et al. 1995; Balanza et al. 2007; Di Lascio and Disegna 2017), and how
this grouping evolves over time (Walthouwer et al. 2014). In fact, time series data on food
consumption/dietary intakes are abundant; nonetheless, previous researchers either merge time series
into one large set of static data (for example, Blandford 1984; Staudigel and Schröck 2015; Sadowski
2019), or apply clustering algorithms on discrete time periods comparing the results between a baseline
and a follow-up period (usually the first and last year) (for example, Gil et al. 1995; Di Lascio and
Disegna 2017). In both cases, the clustering task is not performed on the whole set of time sequences
and the time dependent nature of the data is not appropriately addressed. In order to fill in this gap in
the literature, this research first employs an innovative copula-based time series fuzzy clustering
algorithm. The copula function captures the dependence among time series and the fuzzy logic allows
a country to belong to multiple clusters with different degrees of membership. Fuzzy clustering is an
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attractive method as it allows the possibility that individuals within a country do not eat the same diet
and therefore several diets/dietary trends coexist within a single country. By grouping countries into
clusters of relatively homogeneous trajectories of caloric consumption, it is possible to assess which
dietary characteristics most resemble each cluster, how healthiness measures differ between clusters,
and how these have changed over time.
Although such an analysis addresses the time dependent nature of the data, it neglects the spatial
dimension. Since dietary data are often cross-sectional or longitudinal, the commonly used clustering
methods in the earlier literature are those for static data and time series (Section 3.7, Chapter 3). In this
research, the FBS data however are characterised by both temporal and spatial components. To a great
extent, the countries under examination can be considered spatial units. When dealing with this type of
data, spatial clustering techniques are required (refer to Section 3.5, Chapter 3). To recap, spatial
clustering describes the situation in which cluster membership is constrained by some external
information on the spatial relationship among units (often contiguity in space) so that units belonging
to a cluster are not only similar to each other but also required to be contiguous. Unless the clustering
method is explicitly spatial, the geographic relevance might not be sufficiently accounted for (Grubesic
et al. 2014). Taking an example, while the dietary patterns of Germany, Austria, Canada and the United
States are largely considered ‘Western’ style, several aspects of diets in Germany tend to be more
comparable to Austria and likewise Canada to the United States due to the closer geographical distance
and consequently the more similar corresponding environmental characteristics.
In food economics, spatial clustering has been employed to track health-related outcomes and
previous studies mainly focus on clustering obesity prevalence (Gartner et al. 2016; Hughey et al. 2018;
Qiu et al. 2020) or food insecurity (Kim et al. 2016; Tomita et al. 2020). Even though earlier authors
realise that communities at risk of unhealthy food intakes could be spatially clustered (Austin et al.
2005), the literature on spatial clustering of dietary patterns is thin (Dekker et al. 2017; Tamura et al.
2017). In fact, adding a spatial dimension in the cluster analysis of food consumption patterns is an
innovative way to examine the role of space as a contextual factor for dietary behaviour and the findings
could lend support to the design and implementation of place-based policy interventions that target
communities at risk of worsening diets (Leonard et al. 2018). Thus, the implications for intervention
are profound since policy solutions for improving food insecurity and health are geographic in nature.
In principle, the relationships between environment, food consumption, and health are
embedded in a spatial context. Nonetheless, the majority of previous studies have not taken spatial
relationships into consideration. Thus motivated, this study significantly adds to the nascent literature
of this research area. In the second part of the empirical analysis in this chapter, similarities in the
evolution of global diets are captured in the light of an innovative Copula-based Fuzzy K-Medoids
Space-Time clustering algorithm (Disegna et al. 2017). This cluster analysis has the merit of enabling
the inclusion of spatial information into the clustering procedure dealing with both the spatial and
temporal dimensions observed for data in reality. Returning to the earlier example of four countries, if
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the innovative copula-based fuzzy time series cluster algorithm classifies them in a cluster denoting the
‘Western’ dietary patterns, the space-time clustering algorithm would identify two clusters: one
including Germany and Austria and the other Canada and the US. The purpose is to form clusters that
are both data-coherent (in temporal dimension) and spatially coherent. In this respect, it would be
possible to investigate the differing environments between two groups which otherwise would be
masked in analysing the aggregate ‘Western’ diet cluster.
The rest of this chapter is organised as follows. Section 7.2 explains the innovative time series
and space-time clustering algorithms. Section 7.3 presents the data, Section 7.4 discusses the empirical
results and Section 7.5 concludes.

7.2

Methodology

7.2.1

The copula-based fuzzy time series clustering algorithm

The aim of this chapter is to derive groups of countries with similar patterns of food consumption.
Cluster analysis is a data-driven technique that is well-suited for this purpose. Chapter 3 provides a
taxonomy of clustering techniques and Section 3.4 focuses on clustering time series – the type of data
employed in this empirical analysis. This section delves further into details of an innovative time series
fuzzy clustering algorithm (Disegna et al. 2017) which belongs to the copula-based category. As pointed
out in Section 3.4.5 (Chapter 3), the copula function offers more appeals than the traditional correlation
coefficient in quantifying the dependence (or co-movement) between time series, particularly if the
dependence structure is non-linear or asymmetric.
The starting point of the cluster analysis is represented by an (𝑁 × 𝑇) data matrix 𝑋 defined as:

𝑥11
𝑋= [ ⋮
𝑥𝑁1

⋯
⋱
⋯

𝑥1𝑇
⋮ ]
𝑥𝑁𝑇

(7.1)

where 𝑥𝑖𝑡 is the value of the i-th unit (𝑖 = 1, 2, … , 𝑁) at the t-th time period (𝑡 = 1, 2, … , 𝑇). Hence,
the i-th row of the data matrix 𝑋 represents the univariate time series of the i-th unit. Here, cluster
analysis aims to classify 𝑁 rows of the data matrix 𝑋 into 𝐾 groups based on the behaviour of the time
trajectories over 𝑇 period so as to minimise the intra-cluster dissimilarity and maximise the inter-cluster
dissimilarity. First, one needs to define an appropriate dissimilarity measure.
The copula-based dissimilarity measure between any pair of rows 𝑥𝑖𝑡 and 𝑥𝑗𝑡 (𝑖, 𝑗 = 1, … , 𝑁
and 𝑖 ≠ 𝑗) can be defined as:

𝑑𝑖𝑗 = 𝑓(‖𝑀 − 𝐶𝑖𝑗 ‖)
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(7.2)

where ‖. ‖ is the L2 norm, f is a convenient real-valued function, the copula 𝐶𝑖𝑗 expresses the
dependence between time series of units 𝑖 and 𝑗, 𝑀 is the Frechet upper-bound copula: 𝑀(𝑢, 𝑣) =
min (𝑢, 𝑣), which is the maximal degree of similarity (or comonotonicity) among time series. Based on
equation (6.8), if time series of units 𝑖 and 𝑗 are exactly co-monotone, their dissimilarity (𝑑𝑖𝑗 ) is equal
to zero. It is noted that the copula 𝐶𝑖𝑗 in equation (6.8) can be estimated either parametrically or nonparametrically.
Having established a suitable dissimilarity measure, the next step in cluster analysis is to apply
a suitable clustering method. Overall, clustering procedures can be either hard or soft. In hard (or crisp)
clustering, each unit can only belong to one cluster, and the cluster membership is either 0 or 1. In soft
(or fuzzy) clustering, a unit, however, can belong to multiple clusters with varying degrees of
membership between 0 and 1. In this analysis, the fuzzy approach is adopted to reflect the uncertainty
that arises from assigning the (time series) units to different clusters. This kind of uncertainty is proxied
by the membership proportion obtained from the clustering results. Other benefits of fuzzy clustering
over crisp methods in the context of time series clustering can be referred to Section 3.4.2 (Chapter 3).
In the fuzzy clustering literature, there are two main clustering methods: Fuzzy K-Means and
Fuzzy K-Medoids (see Section 3.3.2, Chapter 3). In this analysis, the latter is chosen due to its two
major advantages. First, the prototypes obtained through the algorithm are actually observed time series
(known as ‘medoids’ in the clustering literature) instead of fictitious average series (‘centroids’). This
allows to characterise the obtained clusters by the exemplar time trajectories - a feature that is appealing
for policy targeting purposes (D’Urso et al. 2019a). Second, Fuzzy K-Medoids prove to be more robust
to the presence of noise and outliers in the data than Fuzzy K-Means because a medoid is less affected
by outliers or extreme values than a centroid (Kaufman and Rousseeuw 2009; García-Escudero et al.
2010; Maharaj et al. 2019).
The Fuzzy K-Medoids approach when combined with the copula-based dissimilarity measure
leads to the novel Copula-based Fuzzy K-Medoids time series clustering algorithm. The objective
function of this algorithm can be formalised as follows:

{

𝐾
𝑚
𝑁
𝐾
𝑚
𝑚𝑖𝑛 ∑𝑁
𝑖=1 ∑𝑘=1 𝑢𝑖𝑘 𝑑𝑖𝑘 (𝑥𝑖 , 𝑥𝑘 ) = ∑𝑖=1 ∑𝑘=1 𝑢𝑖𝑘 𝑓(‖𝑀 − 𝐶𝑖𝑘 ‖)
∑𝐾𝑘=1 𝑢𝑖𝑘 = 1, 𝑢𝑖𝑘 ≥ 0

(7.3)

where 𝑥𝑖 and 𝑥𝑘 are respectively the time series of the i-th unit and the medoid time series of the k-th
cluster; 𝑢𝑖𝑘 denotes the membership degree of the i-th unit in the k-th cluster (𝑘 = 1, 2, … , 𝐾); 𝑚 > 1
is the fuzziness parameter to be set by the user; 𝑑𝑖𝑘 (. , . ) is the dissimilarity measure between time series
of the i-th unit and the k-th medoid.
In simple terms, the objective function (7.3) implies that the clustering algorithm aims to
partition 𝑁 time series into 𝐾 clusters so that the dissimilarity between time series and the
representative of the cluster they belong to is minimal.
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Some remarks regarding the clustering algorithm
Remark 1: Data pre-filtering
Since time series data can exhibit a variety of patterns, it is helpful to split a time series into different
components, each represents an underlying category of pattern. In general, an observed time series 𝑋𝑡
can be decomposed into:
•

𝑇𝑡 , the trend component, which reflects the slow and long-run evolution (“secular variation”),
for example, a continued increasing or decreasing direction over time.

•

𝐶𝑡 , the cycle component, which represents a regular repetition of the same pattern in the long
run. Commonly, the trend and cycle components are known together as the trend-cycle (or
simply trend) component.

•

𝑆𝑡 , the seasonality component, which represents a repeated pattern that occurs every unit of
time (no longer than a year) in the short run (for example quarterly, monthly or weekly).

•

𝑅𝑡 , the random component (or “noise”), which reflects random, irregular, unpredicted
influences, for example turning points and unexpected occurrences (maybe due to war or
natural disaster). It is considered as the residuals of the time series after other components have
been extracted.

Therefore, a time series can be thought of as a function of these components: 𝑋𝑡 = 𝑓(𝑇𝑡 , 𝐶𝑡 , 𝑆𝑡 , 𝑅𝑡 ).
To help improve the understanding of time series, these components are often extracted and examined
in isolation.
In Disegna et al. (2017), the authors recommend undertaking a data pre-filtering step before
running the clustering algorithm. The observed time series are decomposed and the residual series (after
removing trend and seasonality) serve as input for the clustering procedure. The main purpose of this
pre-filtering step is to remove the effects of heteroscedasticity and autocorrelation in the copula
estimation of the dependence structure (Durante et al. 2014, 2015). The authors illustrate the application
of the clustering algorithm in detecting common behaviours of tourist flows. It is well-known that time
series data in tourism are usually characterised by a strong common seasonality component (Gil-Alana
et al. 2020). Unless the objective is to derive clusters of time series with similar seasonal patterns,
performing the clustering algorithm on the original data can mislead the clustering results owing to the
overwhelming influence of seasonality.
In this analysis, the clustering algorithm is applied on food consumption data (or more precisely
food availability). The data under consideration are annual time series, hence there is no seasonality
and the observed time series can be split into two components: trend (𝑇𝑡 ) and random (𝑅𝑡 ). So, a
decision to be made here is whether to apply the clustering algorithm on the residual series 𝑅𝑡 (after
removing the trend) or the observed series 𝑋𝑡 (including the trend). The existing literature does not offer
much guidance on this and to the best of the author’s knowledge to date no prior study has attempted
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to perform cluster analysis on the whole sequences of the FAO food availability. The interpretation of
clustering results would differ depending on which clustering variable is employed.
In order to capture the twin nature of trend and fluctuation present in food consumption data,
the clustering algorithm will be performed in two scenarios when the clustering variables are the
observed series 𝑋𝑡 and the detrended residual series 𝑅𝑡 . It should be noted that due to differing inputs
the number of clusters identified in two scenarios is not necessarily the same. Regarding the clustering
results, some distinctions need to be recognised. Using the original time series, the clustering algorithm
relies on information related to the level, trend and variability of calorie consumption. Since trend is
the more influential component (than random), the obtained clusters would reflect different patterns of
evolution in calorie consumption. This analysis is henceforth denoted as ‘Trend analysis’. When the
original series are detrended, the systematic information on the continued variability of the series,
including direction (upward/downward) and speed of change, is removed. The remainder is the random
patterns characterising the unpredicted and irregular variability of the series (“shocks” due to for
example war, natural disaster, economic crisis or political instability). Utilising such information, the
clustering algorithm would group together countries exhibiting similar deviations from the trend
(sudden increase/decrease) in calorie consumption and is hereafter referred to as ‘Fluctuation analysis’.
Employing de-trended series, ‘Fluctuation analysis’ could help to uncover other patterns in data that
might be masked by the trends.
To highlight this, the differences between two analyses are illustrated in Figure 7.1 using
simulated data. Considering four annual time series 𝑋𝑖𝑡 (𝑖 = 1, … ,4), each time series can be split into
two components: trend (𝑇𝑖𝑡 , 𝑖 = 1, … ,4) and random (𝑅𝑖𝑡 , 𝑖 = 1, . . ,4) so that 𝑋𝑖𝑡 = 𝑇𝑖𝑡 + 𝑅𝑖𝑡 . The time
index t runs from 1 to 30. The trend lines are represented by quadratic trends as follows:
𝑇1𝑡 = −9.7 − 0.01𝑡 + 0.02𝑡 2

(7.4a)

𝑇2𝑡 = −9.95 − 2𝑡 + 0.06𝑡 2

(7.4b)

𝑇3𝑡 = −4.7 − 0.01𝑡 + 0.02𝑡 2

(7.4c)

𝑇4𝑡 = −14.95 − 2𝑡 + 0.06𝑡 2

(7.4d)

The random components of the first two series follow an ARMA model (1,1) and those of the
other two series follow an ARMA model (0,1), with the parameters given as:
𝑅1𝑡 = 0.35𝑅1𝑡−1 + 𝜀𝑡 + 0.4𝜀𝑡−1

(7.5a)

𝑅2𝑡 = 0.01𝑅1𝑡−1 + 𝜀𝑡 + 0.8𝜀𝑡−1

(7.5b)

𝑅3𝑡 = 𝜀′𝑡 + 0.8𝜀′𝑡−1

(7.5c)

𝑅4𝑡 = 𝜀′𝑡 + 0.01𝜀′𝑡−1

(7.5d)

where 𝜀𝑡 and 𝜀′𝑡 are white noise processes being identically and independently distributed with normal
distribution.
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The copula-based time series fuzzy clustering algorithm is performed on the original data (𝑋𝑖𝑡 )
and the pre-filtered data (𝑅𝑖𝑡 ). The results are displayed in Figure 7.1. Time series of the same group
are denoted by the same colour. ‘Trend analysis’ classifies the observed series into two groups (𝑋1 , 𝑋3 )
and (𝑋2 , 𝑋4 ) as shown in the top panel. Scrutinising further into separate components, such a
classification is largely driven by the existence of common trends. By construction in equation (7.4a,
c), the trend lines of the first and third series have the same shape with the latter being shifted up by 5.
Likewise, the trend lines of the second and fourth series have an identical shape but with a gap of 5.
The commonality of the trends is revealed in the middle panel of Figure 7.1 where 𝑇1 and 𝑇3 are
represented by a somewhat almost monotonic increase while 𝑇2 and 𝑇4 by a parabolic U-shaped line.
This describes how the ‘Trend analysis’ identifies different clusters – by searching for common trends
in the historical series of calorie consumption, and as a result a cluster for example might be
characterised by monotonic rising calories, a cluster by a quadratic rising trend whilst another by a
decreasing trend. On the other hand, ‘Fluctuation analysis’ categories the four simulated series into two
groups (𝑋1 , 𝑋2 ) and (𝑋3 , 𝑋4 ) according to the similar behaviour of random series (𝑅1 , 𝑅2 ) and (𝑅3 , 𝑅4 ).
The lower panel of Figure 7.1 shows that large/small values of one (random) series at a given time tends
to be associated with large/small values of the other (random) series at the same time. For example, at
time 25 although all four series exhibit a strong rising trend there is a negative deviation from the trend
observed for 𝑋1 and 𝑋2 (denoted by a trough in the corresponding random series) but a positive deviation
from the trend observed for 𝑋3 and 𝑋4 (denoted by a peak in the corresponding random series). So, even
though the ‘Trend analysis’ would group together two countries sharing a constant rising trend in the
calorie consumption, the ‘Fluctuation analysis’ might classify them into two different clusters unless
common deviations from the trend exist.
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Figure 7.1 Clustering results: observed series versus detrended series.

Remark 2: The fuzziness parameter
The parameters to be fixed in equation (7.3) are the fuzziness parameter 𝑚 and the number of clusters
𝐾. The fuzziness parameter 𝑚 > 1 is usually chosen by the user and has an influence on the clustering
results. If 𝑚 is close to 1, the algorithm will produce the clustering output in which most of the
membership degrees will be very close to 0 or 1. In other words, the results will be very similar to those
of crisp clustering methods. In contrast, a large value of 𝑚 will lead to all membership degrees being
close to 1⁄𝐾 . Thus, Kamdar and Joshi (2000) suggest selecting 𝑚 in the range (1, 1.5].
Remark 3: Cluster validity
The number of clusters 𝐾 in equation (7.3) is usually selected according to a cluster validity measure.
A host of different cluster validity indices and their distinctive characteristics are explored in Section
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3.2.2 (Chapter 3). In fuzzy clustering framework, the widely used validity measures for selecting 𝐾
include Xie-Beni index (Xie and Beni 1991) and Fuzzy Silhouette index (Campello and Hruschka 2006).
Xie-Beni criterion (XB) is defined as the ratio between compactness and separation among
clusters, and can be computed by:
𝑝

𝑋𝐵 =

𝐾
∑𝑁
𝑖=1 ∑𝑘=1 𝑢𝑖𝑘 𝑑(𝑥𝑖 ,𝑥𝑘 )

(7.6)

𝑁𝑚𝑖𝑛𝑝≠𝑞 𝑑(𝑥𝑝 ,𝑥𝑞 )

where (𝑝, 𝑞) ∈ {1, … , 𝐾}. The numerator in equation (6.10) represents the total within-cluster distance,
𝐽

which is the objective function (called 𝐽) of the Fuzzy K-Medoids clustering procedure. The ratio 𝑁 is
called the compactness of the fuzzy partition. The smaller this value, the more compact a partition with
a fixed number of clusters is. The other element 𝑚𝑖𝑛𝑝≠𝑞 𝑑(𝑥𝑝 , 𝑥𝑞 ) in the denominator is called the
separation because the larger this value the more separate the clustering partition with a fixed number
of clusters. Thus, for a fixed number of clusters, the smaller the XB value, the more compact and
separate the clusters are, the better the assignment of the units to the clusters. Despite being intuitive,
XB index has two major disadvantages: it decreases monotonically as 𝐾 approaches 𝑁, and XB goes to
infinity as the fuzziness parameter 𝑚 becomes very large (Cebeci 2019).
Another criterion for selecting the number of clusters 𝐾 in fuzzy clustering framework is the
Fuzzy Silhouette index (FS). This is the fuzzy extension of the Silhouette criterion in crisp clustering
(see Section 3.3.1, Chapter 3). FS criterion aims to determine how well the units are assigned into
clusters in terms of simultaneously minimising the intra-cluster distance and maximising the intercluster distance. The FS index is defined as:

𝐹𝑆 =

𝛼
∑𝑁
𝑖=1(𝑢𝑖𝑘 −𝑢 ′ ) 𝜆𝑖
𝑖𝑘
𝛼
∑𝑁
𝑖=1(𝑢𝑖𝑘 −𝑢 ′ )
𝑖𝑘

(𝑏 −𝑎 )

𝑖
𝑖
, 𝜆𝑖 = 𝑚𝑎𝑥{𝑏
,𝑎 }
𝑖

(7.7)

𝑖

where 𝑎𝑖 is the average distance between the i-th unit and all units belonging to the k-th cluster (𝑘 =
1, … , 𝐾) with which 𝑖 is associated with the highest membership degree; 𝑏𝑖 is the minimum (over
clusters) average distance of the i-th unit to all units belonging to the cluster 𝑘 ′ with 𝑘 ≠ 𝑘′ ;
(𝑢𝑖𝑘 − 𝑢 ′ )𝛼 is the weight of each 𝜆𝑖 calculated upon the fuzzy partition matrix 𝑈 = {𝑢𝑖𝑘 ; 𝑖 =
𝑖𝑘

1, … , 𝑁; 𝑘 = 1, … , 𝐾}, where 𝑘 and 𝑘′ are respectively the first and second best clusters (accordingly to
the membership degree) to which the i-th unit is associated; 𝛼 is the user defined weighting coefficient.
The higher the FS value, the better the assignment of the units to the clusters.
It is noted that the FS criterion explicitly considers the fuzzy membership matrix 𝑈 = {𝑢𝑖𝑘 : 𝑖 =
1, … , 𝑁; 𝑘 = 1, … , 𝐾} in its calculation. Maharaj et al. (2019, p.40) further comment:
“[Fuzzy Silhouette] may be able to discriminate between overlapped data clusters even if these
clusters have their own distinct regions with higher data densities, since it [Fuzzy Silhouette]
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considers the information contained in the fuzzy partition matrix U based on the degrees to which
clusters overlap one another. This information can be used to reveal those regions with high data
density by stressing the importance of time series data concentrated in the vicinity of the cluster
prototypes while reducing the importance of objects in the overlapping areas”.
Using artificial data sets, Cebeci (2019) compares the performance of these two popular indices
and concludes that FS index tends to be more stable. In addition, Campello and Hruschka (2006) show
that FS is less computationally intensive and performs similar or better than XB under a range of
scenarios with different data sets and fuzzy clustering algorithms. Nonetheless, Rawashdeh and Ralescu
(2012) argue that FS index tends to ignore the clustering of points in the overlapping regions because
data points around cluster centres are assigned with higher weights and become more significant to the
computation of the index than data points in overlapping regions.
Remark 4: Parameters of the time series clustering algorithm in the empirical analysis
The objective function in equation (7.3) is subject to the following specifications:
(1) The fuzziness parameter is set to 𝑚 = 1.5 because of its better performance in earlier studies
(Kamdar and Joshi 2000).
(2) The function 𝑓 is set to:

𝑓(𝑡) = exp(𝑡) − 1

(7.8)

because this has been empirically tested and appears to be the most convenient to highlight
small differences among dissimilar values.
(3) Following the empirical application provided in Disegna et al. (2017), the copula 𝐶𝑖𝑗 in
equation (7.2) is estimated by:
1

𝑅

𝑅

𝑗𝑡
𝑖𝑡
𝐶𝑖𝑗 (𝑢, 𝑣) = 𝑇 ∑𝑇𝑡=1 1(𝑇+1
≤ 𝑢, 𝑇+1
≤ 𝑣)

(7.9)

where 𝑅𝑖𝑡 and 𝑅𝑗𝑡 are the ranks associated with the observed series for ‘Trend analysis’ and the
detrended series for ‘Fluctuation analysis’.
(4) The optimal number of clusters 𝐾 is detected by Fuzzy Silhouette and Xie-Beni indices as
discussed in Remark 3.
(5) For the ‘Fluctuation analysis’, the original time series are detrended by applying the HodrickPrescott filter. This detrending method is attractive since the detrended series can be obtained
even when the relationship of the trend component on time, 𝑓(𝑡) = 𝑇𝑡 , is unknown.

199

7.2.2

The Copula-based Fuzzy K-Medoids Space-Time clustering algorithm (COFUST)

Embedding spatial information in cluster analysis: Proximity matrix
Cluster analysis discovers patterns in data by organising a set of 𝑁 objects into 𝐾 disjoint unknown
clusters so that the within-cluster dissimilarity is minimised while the between-cluster dissimilarity is
maximised. Sometimes there is additional information about the types of clusters that are sought in the
data and it is therefore relevant to impose constraint(s) on the set of allowable solutions. As such, the
membership of clusters is determined partly by external information (Everitt et al. 2011). A popular
type of constraint in empirical research is spatial constraint. Simply speaking, not only should the
within-group dispersion be minimised but also the spatial autocorrelation between units should be
considered. One real-life scenario where the proximity between objects matters in the clustering task is
for the mapping of virus during an epidemic spread (i.e. the identification of hot spots/cold spots).
In clustering spatial data, the spatial information can be incorporated into the clustering process
by using a matrix 𝑆, which is a symmetric matrix with zero diagonal and the off-diagonal elements
indicate the spatial relationship between two spatial units (Pham 2001; Coppi et al. 2010; D’Urso et al.
2019a). 𝑆 is labelled proximity matrix to avoid confusion with the spatial weight matrix 𝑊 that was
discussed in Chapter 6. Again, the proximity here could be geographical, biological, or social.
Numerous approaches in building 𝑊 could be applied to construct 𝑆. Two widely used methods of
developing the proximity matrix 𝑆 involve the concepts of contiguity and connectivity. To illustrate,
two territorial units are contiguous if they are neighbours or if they belong to the same macro-area (even
when they are not adjacent). In this regard, the generic element of 𝑆 is given as: 𝑠𝑖𝑗 = 1 if units i and j
are contiguous (𝑖 ≠ 𝑗), and 0 otherwise. Alternatively, the generic element 𝑠𝑖𝑗 could be the inverse of a
distance measure between units i and j (𝑖 ≠ 𝑗) and is normalised to be in the range [0, 1]. The more
connected the two units, the lower the value in 𝑆.

The copula-based dissimilarity measure
The starting point is represented by an (𝑁 × 𝑇) data matrix 𝑋, defined as follows:
𝑥11
𝑋= [ ⋮
𝑥𝑁1

⋯ 𝑥1𝑇
⋱
⋮ ]
⋯ 𝑥𝑁𝑇

(7.1)

where 𝑥𝑖𝑡 is the value of the i-th unit (𝑖 = 1, 2, … , 𝑁) at the t-th time (𝑡 = 1, 2, … , 𝑇). In other words,
the i-th row of matrix 𝑋 represents time series of the i-th unit. The additional spatial information is
represented by an (𝑁 × 𝑁) proximity matrix 𝑆 given by:
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0
𝑠21
𝑆=[
⋮
𝑠𝑁1

𝑠12
0
⋮
𝑠𝑁2

⋯
⋯
⋱
⋯

𝑠1𝑁
𝑠2𝑁
]
⋮
0

(7.10)

where the generic entry 𝑠𝑖𝑗 is the proximity measure between units i and j (𝑖, 𝑗 = 1, 2, … , 𝑁): 𝑠𝑖𝑖 = 0
and 𝑠𝑖𝑗 ≥ 0. Usually, 𝑆 is a symmetric matrix: 𝑠𝑖𝑗 = 𝑠𝑗𝑖 (𝑖 ≠ 𝑗).
In the case where spatial information is not considered, the copula-based dissimilarity 𝑑𝑖𝑗
between units i and j can be defined as:
𝑑𝑖𝑗 = 𝑓(‖𝑀 − 𝐶𝑖𝑗 ‖)

(7.2)

where 𝑓 is an increasing and continuous real-valued function with 𝑓(0) = 0, ‖. ‖ is the suitable norm
in the copula space, 𝐶𝑖𝑗 measures the rank-invariant similarity (“dependence”) between time series of
units i and j, and 𝑀 is the Frechet upper-bound copula 𝑀(𝑢, 𝑣) = min (𝑢, 𝑣) representing the
maximum degree of similarity among time series. If 𝐶𝑖𝑗 = 𝑀, the dissimilarity between 𝑥𝑖 and 𝑥𝑗 is 0.
In order to incorporate spatial information into the dissimilarity distance, one first needs to
transform the proximity matrix S into a matrix whose entries are objects of the copula space:
𝑆𝑖𝑗 = 𝑠𝑖𝑗 𝐿 + (1 − 𝑠𝑖𝑗 )𝑀

(7.11)

where 𝐿 is the Frechet lower-bound copula 𝐿(𝑢, 𝑣) = max (𝑢 + 𝑣 − 1,0) representing the maximum
degree of dissimilarity among time series. When 𝑠𝑖𝑗 ≈ 0 (i.e, units i and j are proximate), 𝑆𝑖𝑗 ≈ 𝑀,
whilst 𝑆𝑖𝑗 ≈ 𝐿 when 𝑠𝑖𝑗 ≈ 1 (i.e, units 𝑖 and 𝑗 are far away).
Thus, each pair (𝑖, 𝑗) of units is associated with a copula that combines the dependence and
proximity information, shown by:
𝐶̃ = 𝛽𝐶𝑖𝑗 + (1 − 𝛽)𝑆𝑖𝑗

(7.12)

where 𝛽 ∈ [0, 1] is a tuning parameter that reflects how much influence proximity information exerts
on the clustering procedure. If 𝛽 = 1, the clustering output only reflects the dependence among time
series while the clustering solution is solely based on the proximity information when 𝛽 = 0.
Therefore, with the presence of spatial information the copula-based dissimilarity measure
between units i and j is defined as:
𝑑𝑖𝑗 = 𝑓(‖𝑀 − 𝐶̃𝑖𝑗 ‖)

(7.13)

Substituting (7.11) and (7.12) into (7.13) gives:
𝑑𝑖𝑗 = 𝑓(‖𝛽(𝑀 − 𝐶𝑖𝑗 ) + 𝑠𝑖𝑗 (1 − 𝛽)(𝑀 − 𝐿)‖)
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(7.14)

Applying a clustering algorithm
Clustering techniques could generally be grouped into two categories: crisp versus fuzzy clustering.
Within a crisp clustering framework, each unit can only belong to one cluster and clusters are mutually
exclusive. Such a crisp assignment of data to clusters can be restrictive in presence of data points that
are equally distant from two or more clusters. Crisp clustering arbitrarily assigns those data points to
one of the clusters although they should equally belong to all of them. By contrast, fuzzy clustering is
an overlapping approach which allows a unit to belong to multiple clusters simultaneously with different
degrees of membership (Bezdek 1981). This overlapping assignment reflects cluster structure in a more
natural way especially when clusters overlap or when there is not a clear boundary between clusters
(McBratney and Moore 1985). The membership degrees produced by fuzzy clustering methods also
indicate whether there is a second-best cluster almost as good as the best cluster - a feature that crisp
clustering methods cannot capture.
Two main fuzzy clustering methods in the empirical literature include Fuzzy K-Means and
Fuzzy K-Medoids, details of which are discussed in Section 3.3.2, Chapter 3. Here, the latter is proposed
for the space-time clustering task due to its two major advantages. First, the algorithm returns medoids
that adequately synthesise the structural information of each cluster, and furthermore these medoids are
actual units instead of ‘imaginary’ average series as in the case of the Fuzzy K-Means technique. These
non-fictional medoids provide better interpretations of the final obtained clusters, especially in
clustering territorial units. Kaufman and Rousseeuw (2009, p.71) argue:
“In many clustering problems, one is particularly interested in a characterisation of the clusters by
means of typical or representative objects [geographical territories]. These are objects [geographical
territories] that represent the various structural aspects of the set of objects [geographical territories]
being investigated. There can be many reasons for searching for representative objects [geographical
territories]. Not only can these objects [geographical territories] provide a characterisation of the
clusters, but they can often be used for further work or research, especially when it is more
economical or convenient to use a small set of K objects [geographical territories] instead of the
large set one started off with”.
Second, the Fuzzy K-Medoids technique tends to be more robust to the presence of noise in the data
than the Fuzzy K-Means (García-Escudero et al. 2010).
The general Fuzzy K-Medoids algorithm can be formalised as:
𝐾
𝑚
𝑚𝑖𝑛: ∑𝑁
𝑖=1 ∑𝑘=1 𝑢𝑖𝑘 𝑑𝑖𝑘 (𝑥𝑖 , 𝑥𝑘 )
{
∑𝐾𝑘=1 𝑢𝑖𝑘 = 1, 𝑢𝑖𝑘 ≥ 0

(7.15)

where 𝑥𝑖 and 𝑥𝑘 are time series of the i-th unit and medoid time series of the k-th (𝑘 = 1, 2, … , 𝐾)
cluster; 𝑢𝑖𝑘 denotes the membership degree of the i-th unit in the k-th cluster; 𝑚 > 1 is the fuzziness
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parameter; 𝑑𝑖𝑘 (𝑥𝑖 , 𝑥𝑘 ) is the dissimilarity measure between time series of the i-th unit and the k-th
medoid, and is defined as in equation (7.14). According to the objective function (7.15), the COFUST
algorithm aims to minimise the copula-based space-considered dissimilarity between data points and
cluster centres (i.e. medoids in this case).

Data pre-processing
As discussed in Section 7.2.1, the choice of using actual data or pre-filtered data offers different
interpretations, and hence is a merit. In the same spirit, the COFUST algorithm in the subsequent
empirical analysis will be performed for actual data (‘Spatial trend analysis’) and pre-filtered data
(‘Spatial fluctuation analysis’). Some distinctions can be drawn here. The ‘Spatial trend analysis’
detects groups of countries with similar evolution in calorie consumption whilst simultaneously being
close in spatial proximity. On the other hand, clusters derived from the ‘Spatial fluctuation analysis’
include countries whose calorie consumptions experience similar deviations from the trend while
countries in the same cluster are required to be spatially close.
Some remarks on cluster validity
The parameters to be fixed in model (7.15) are the number of clusters 𝐾, the fuzziness parameter 𝑚 and
the tuning parameter 𝛽. Details on how to choose 𝐾 and 𝑚 are referred to Section 7.2.1.
Here, the selection of the optimal value of 𝐾 and 𝛽 is more complicated and cannot be
determined simultaneously. The optimal number of clusters 𝐾 can be suggested by the Fuzzy Silhouette
Index (FS) (Campello and Hruschka 2006) or Xie-Beni Index (XB) (Xie and Beni 1991). However,
there is no subjective criteria/test for choosing the tuning parameter 𝛽 which can take any value between
0 (no time series information is used to formulate clusters) and 1 (no spatial information is incorporated
into the clustering procedure). Indeed, Disegna et al. (2017) recommend setting 𝛽 between 0.5 and 1
since a value of 𝛽 lower than 0.5 would indicate an overpowering influence of spatial information.
A possible solution is represented by the following heuristic procedure: assuming 𝐾 has already
been chosen (in the scenario when spatial information is not considered in the cluster analysis, i.e. 𝛽 =
1), for every specified value of 𝛽 the obtained clusters are constructed in such a way that the withincluster dispersion is minimised while the within-cluster spatial autocorrelation is maximised. To this
purpose, for fixed values of 𝐾 and 𝑚, the algorithm is run for varying values of 𝛽 and the optimal value
of 𝛽 is chosen so that the post-cluster spatial autocorrelation is maximised. The rationale behind this
approach is that the identification of clusters remains largely based on the dependence among time
series and the spatial information only fine-tunes the final cluster obtainment, perhaps by some
adjustments in the membership degrees. Obviously, a crucial task is to compute the spatial
autocorrelation among post-cluster units – the basis to determine 𝛽.
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7.2.3

Spatio-temporal autocorrelation

Measuring spatio-temporal autocorrelation in time series data
As explored in earlier sections, a commonly used tool to measure spatial autocorrelation in the literature
is the Global Moran’s I statistic (Moran 1950a; Gittleman and Kot 1990). Its computation and the
significance test heavily rely on the exogenous spatial weight matrix 𝑊, which must be externally
provided and appropriately specified. Conventionally, this spatial weight matrix is strictly based on
spatial nature even when data are collected over time. Chasco and López (2008, p.102) argue:
“spatial dependence has usually been defined as a spatial effect, which is related to the spatial
interaction existing between geographic locations that takes place in a particular moment in time”.
Since space and time are not necessarily neutral dimensions, it is reasonable to expect that the
computation of spatial dependence should be adjusted to account for the time dimension. This is of
paramount relevance when the data has a considerable time dimension, and moreover Dubé and Legros
(2013a) show that ignoring the temporal dimension could lead to misinterpretation of the ‘real’ measure
of spatial dependence over time. To study the spatial dependence in a non-static manner, one could
simply calculate the Moran’s index for different discrete time periods and apply the spatial Markov
techniques (Rey 2001; Rey 2014) to determine whether there is significant spatio-temporal interaction
(Carracedo et al. 2018). Nonetheless, scant attention has been paid to the establishment of a generalised
spatial dependence measure in a situation where values of spatial units are collected over time.
Having said that, there are some propositions that deal with the presence of both dimensions in
the data. Some previous authors consider separate spatial and temporal weight matrices to control for
spatial effects, temporal effects and indirect spatio-temporal effects (Pace et al. 1998; Pace et al. 2000;
Sun et al. 2005). On the other hand, a large number of researchers attempt to develop the so-called
spatio-temporal weight matrix by blending spatial and temporal matrices together, and then plug this
integrated matrix into the Global Moran’s I index calculation formula (see, for example, Huang et al.
2010; Dubé and Legros 2013a, 2013b; Yu 2014; Lee and Li 2017). Despite being straightforward and
less computationally intensive, the development of such a matrix is subject to a critical issue of whether
the joint effect of spatial and temporal autocorrelation is additive, multiplicative or of a different nature
(Bertazzon 2003; Lee and Li 2017). Moreover, these methods consider spatial observations and
temporal values separately by incorporating temporal lags into the spatial weight matrix.
Here, taking an alternative approach this analysis follows a recent literature strand in which the
measurement of spatio-temporal autocorrelation between two spatial units depends on the similarity of
the two time series (Porat et al. 2012; Gao et al. 2019). In order to understand the rationale behind this
approach, it is useful to look at the Global Moran’s I index (Moran 1950a) for cross-sectional data:
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𝐼=

𝑁
𝑁
∑𝑖=1 ∑𝑁
𝑗=1 𝑤𝑖𝑗

×

𝑁
∑𝑁
𝑖=1 ∑𝑗=1 𝑤𝑖𝑗 (𝑥𝑖 −𝑥̅ )(𝑥𝑗 −𝑥̅ )
2
∑𝑁
𝑖=1(𝑥𝑖 −𝑥̅ )

(7.16)

where 𝑥𝑖 and 𝑥𝑗 are values of observations at locations 𝑖 and 𝑗 respectively, 𝑥̅ is the mean value of all
observations, 𝑁 is the number of observations, and 𝑊 is the spatial weight matrix. When spatial
observations are time series, the measurement of the deviation in the Global Moran’s I index in equation
(7.9) is no longer applicable. If 𝑥𝑖 is a time series, the element (𝑥𝑖 − 𝑥̅ ) becomes the deviation between
time series at location 𝑖 and the global mean series. This situation requires a measurement of similarity
between two time series. Porat et al. (2012) replace the attribute deviation in the original Global
Moran’s I calculation with the Pearson correlation coefficient so that the element (𝑥𝑖 − 𝑥̅ ) in equation
(7.9) is substituted by the Pearson correlation statistic between the temporal sequences of 𝑥𝑖 at location
𝑖 and the average series. Nonetheless, this measurement is criticised for the assumptions of normal
distribution and linear relationship between variables. Analysing the spatio-temporal autocorrelation
for human mobility data, Gao et al. (2019) employ the adaptive temporal dissimilarity which is able to
capture proximity both on values and on behaviours of the series.
In this research, the deviation of two time series is measured from the perspective of temporal
trend proximity. Specifically, the element (𝑥𝑖 − 𝑥̅ ) is replaced with the Kendall rank correlation
coefficient (or Kendall’s tau coefficient) (Kendall 1955) between time series. The proposed spatiotemporal autocorrelation measure is calculated by:
∗

𝐼 =

𝑁
𝑁
∑𝑖=1 ∑𝑁
𝑗=1 𝑤𝑖𝑗

×

𝑁
∑𝑁
𝑖=1 ∑𝑗=1 𝑤𝑖𝑗 𝜓𝑖 𝜓𝑗
2
∑𝑁
𝑖=1 𝜓𝑖

(7.17)

where 𝜓𝑖 denotes Kendall correlation coefficient between time series at location 𝑖 and the average
series.
Calculation of the Kendall’s tau is referred to Section 3.2.2 (Chapter 3). To recap, Kendall
correlation is based on the ranks of observations and measures the strength and direction of the
monotonic relationship between two variables. It makes use of the idea of concordance. Two random
variables are concordant if large (small) values of one are related to large (small) values of the other.
When large (small) values of one are related to small (large) values of the other, the random variables
are discordant. Kendall’s tau has a critical advantage over the traditional Pearson correlation. The
former is a non-parametric test and does not rely on the assumptions of the underlying distribution. In
addition, Pearson’s coefficient measures linear association whereas higher (absolute) value of Kendall’s
correlation indicates that there is a monotonic (but not necessarily linear) relationship between two
variables (Puth et al. 2015). Kendall’s tau is considered a better alternative to the other non-parametric
rank correlation coefficient – Spearman’s rho, when the sample size is small and there are many tied
ranks (Legendre and Legendre 1998).
In the fuzzy clustering context, an extension of the Global Moran’s I statistic – the Fuzzy Moran
index (FM) is introduced in Coppi et al. (2010) and D’Urso et al. (2019a). The purpose is to assess the
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spatial autocorrelation of clustering partitions in which units belong to multiple clusters with varying
degrees of membership. In the case of univariate time series, the (univariate) spatial autocorrelation for
the generic 𝑘-th cluster is given as:
(𝑋𝑐𝑜𝑚𝑝 −𝑋̅𝑐𝑜𝑚𝑝 )′ 𝑈𝑘 0.5 𝑆𝑈𝑘 0.5(𝑋𝑐𝑜𝑚𝑝 −𝑋̅𝑐𝑜𝑚𝑝 )
̅𝑐𝑜𝑚𝑝 )′ 𝑈𝑘 0.5 𝑑𝑖𝑎𝑔(𝑆 ′ 𝑆)𝑈𝑘 0.5 (𝑋𝑐𝑜𝑚𝑝 −𝑋̅𝑐𝑜𝑚𝑝 )
𝑐𝑜𝑚𝑝 −𝑋

𝜌𝑘 = (𝑋

(7.18)

where 𝑋𝑐𝑜𝑚𝑝 is the ‘compromise’ vector (weighted mean of the time series over the 𝑇 time occasions),
𝑋̅𝑐𝑜𝑚𝑝 is the 𝑁-vector with elements equal to the average of the 𝑋𝑐𝑜𝑚𝑝 values over 𝑁 units, 𝑈𝑘 is the
square diagonal matrix of order 𝑁 of the membership degrees of the k-th cluster, and S is the proximity
matrix. 𝑑𝑖𝑎𝑔(. ) is the operator that creates a diagonal matrix whose elements in the main diagonal are
the same as those of the square matrix in the argument. Here, every diagonal element of 𝑑𝑖𝑎𝑔(𝑆′𝑆)
contains the number of neighbouring areas of the associated spatial unit. In general, the rationale behind
the Fuzzy Moran index is that in order to account for the membership structure of the k-th cluster, the
elements of 𝑆 are scaled by the membership degrees of the spatial units in the cluster involved.
Conveniently, equation (7.18) can be rewritten as:

𝜌𝑘 =
where 𝑄 = 𝐼𝑁 −

1𝑁 1′𝑁
𝑁

𝑡𝑟[(𝑄𝑋𝑐𝑜𝑚𝑝 )′ 𝑈𝑘 0.5𝑆𝑈𝑘 0.5 (𝑄𝑋𝑐𝑜𝑚𝑝 )]
𝑡𝑟[(𝑄𝑋𝑐𝑜𝑚𝑝 )′ 𝑈𝑘 0.5 𝑑𝑖𝑎𝑔(𝑆 ′ 𝑆)𝑈𝑘 0.5 (𝑄𝑋𝑐𝑜𝑚𝑝 )]

(7.19)

is the centring operator in which 𝐼𝑁 is an identity matrix of order 𝑁 and 1𝑁 is a

column-vector of order 𝑁 with unit elements.
However, information related to the temporal variations among time series is not considered in
equation (7.19) since the vector 𝑋𝑐𝑜𝑚𝑝 represents average data over 𝑇 time occasions. Furthermore, the
fact that the clustering objects are space-time units requires a measurement of spatio-temporal
autocorrelation so that both temporal and spatial dimensions of the data are adequately dealt with. In
this regard, the Fuzzy Moran’s index is generalised by modifying the deviation (𝑋𝑐𝑜𝑚𝑝 − 𝑋̅𝑐𝑜𝑚𝑝 ). The
Generalised Fuzzy Moran index is defined as:
𝑡𝑟[Ψ′ 𝑈 0.5 𝑆𝑈 0.5 Ψ]

𝑘
𝑘
𝐹𝑀∗ = 𝑡𝑟[Ψ′ 𝑈 0.5𝑑𝑖𝑎𝑔(𝑆
′ 𝑆)𝑈 0.5 Ψ]
𝑘

(7.20)

𝑘

where Ψ is the 𝑁-vector with element Ψ[𝑖] being the Kendall’s correlation coefficient between time
series at location 𝑖 and the mean series. Similar to the Fuzzy Moran’s index, the Generalised Fuzzy
Moran index ranges between -1 and 1. The value of 1 indicates perfect spatio-temporal autocorrelation,
i.e. units are close in ‘space’ and exhibit similar temporal behaviour; the autocorrelation measure
decreases as units become farther in ‘space’ and/or ‘time’, while the value of 0 indicates no
autocorrelation. Broadly speaking, the higher the FM* index, the higher the spatio-temporal
autocorrelation, the better the assignment of the (space-time) units to the clusters.
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Simulations
In this section, two examples are used to illustrate the performance and main features of the Generalised
Fuzzy Moran index. For the sake of comparison, in each simulation the performance of the Generalised
Fuzzy Moran index is compared with some existing measures in the literature including the Global
Moran’s I index and the Fuzzy Moran index.
Simulation 1: space-time data without clustering
Consider 12 time series of length 𝑇 ∈ {10,20,50} and assume that the time series are generated via the
following copula model:
𝐶(𝑥1 , … , 𝑥12 ) = 𝐶1 (𝑥1 , 𝑥2 , 𝑥3 ). 𝐶2 (𝑥4 , 𝑥5 , 𝑥6 ). 𝐶3 (𝑥7 , 𝑥8 , 𝑥9 ). 𝐶4 (𝑥10 , 𝑥11 , 𝑥12 )

(7.21)

where 𝐶𝑖 (𝑖 = 1, … ,4) are copulas belonging to the Clayton family with a pairwise Kendall’s 𝜏 in {0.01,
0.75}. In this setup, the time series are divided into four groups that are independent from each other,
and the dependence among time series within each group is controlled by the copula parameter. When
𝜏 = 0.75, the time series from each group are relatively close in terms of temporal dependence, whereas
setting 𝜏 = 0.01 gives a sample consisting of 12 time series that are relatively far in temporal proximity.
Assume that there is additional information on the spatial relationship among time series units.
To control for the various degree of proximity in ‘space’, two proximity matrices S1 and S2 are
considered. The first proximity matrix (S1) is defined in such a way that 𝑠𝑖𝑗 = 1 if the i-th and j-th time
series belong to the same copula and 𝑠𝑖𝑗 = 0 otherwise. In other words, two time series linked by the
same copula are spatially close to each other. The proximity matrix S2 is defined in such a way that
𝑠𝑖𝑗 = 0 when both 𝑖, 𝑗 ∈ {2, … ,12} and 𝑠1𝑗 = 1 for every 𝑗 ≠ 1. This configuration allows the first time
series to be spatially close to the other time series which are however far from each other. Overall, the
generated time series units are spatially closer following the proximity matrix S1 than the proximity
matrix S2.
For each replication 𝑅 = 1, … ,200, the time series from model (7.21) are generated and the
Generalised Fuzzy Moran index is computed to determine the spatio-temporal autocorrelation of the
sample. Results are reported in Tables 7.1 and 7.2. From the inspection of the two tables, some
comments can be made as follows.
• Given all other parameters fixed, the Generalised Fuzzy Moran index returns a higher value
than the Global Moran’s I statistic.
• For all other parameters fixed, the spatio-temporal autocorrelation increases as the length 𝑇 of
the time series increases; however, the Global Moran’s I index is almost unchanged. For
example, using the proximity matrix S1 for various values of 𝑇, the Global Moran’s I statistic
is in the vicinity of 0.88 when 𝜏 = 0.75 and -0.08 when 𝜏 = 0.01 . Hence, the spatial
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autocorrelation is unaffected by changing the length of the time series whereas the spatiotemporal autocorrelation is affected.
• Fixing the spatial relationship among time series (by either S1 or S2), reducing the dependence
parameter 𝜏 from 0.75 to 0.01 results in a lower Generalised Fuzzy Moran value. Thus, with
the same proximity information, the computed spatio-temporal autocorrelation decreases as the
time series are further in terms of temporal dependence.
• For time series generated from the same dependence parameter 𝜏 (either 0.75 or 0.01) and of
the same length, values of the Generalised Fuzzy Moran index calculated using S1 is higher
than those calculated using S2. Therefore, with the same level of temporal dependence, the
computed spatio-temporal autocorrelation is higher when time series units are spatially closer
and declines as units become farther in the ‘space’.

Table 7.1 Results of Global Moran’s I and Generalised Fuzzy Moran indices for simulated data
from model (7.21) with proximity matrix S1.
Time series

Global Moran’s I index

Generalised Fuzzy Moran index

length

𝜏 = 0.75

𝜏 = 0.01

𝜏 = 0.75

𝜏 = 0.01

𝑇 = 10

0.8769

- 0.0838

0.9315

0.3724

𝑇 = 20

0.8837

- 0.0731

0.9733

0.6133

𝑇 = 50

0.8802

- 0.0755

0.9918

0.8156

Note: Mean values over R = 200 replications.

Table 7.2 Results of Global Moran’s I and Generalised Fuzzy Moran indices for simulated data
from model (7.21) with proximity matrix S2.
Time series

Global Moran’s I index

Generalised Fuzzy Moran index

length

𝜏 = 0.75

𝜏 = 0.01

𝜏 = 0.75

𝜏 = 0.01

𝑇 = 10

-0.0888

-0.0896

0.6354

0.2732

𝑇 = 20

-0.0894

-0.0909

0.8432

0.5299

𝑇 = 50

-0.0915

-0.0908

0.9402

0.7326

Note: Mean values over R = 200 replications.
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Simulation 2: clustering of time series with and without spatial information
In the second experiment, the Generalised Fuzzy Moran index is computed for post-cluster units and its
performance is compared with the Fuzzy Moran index. To this end, 12 time series of length 𝑇 = 50
generated through the copula models in (7.21) are considered and the spatial information among time
series is summarised by proximity matrices S1 and S2. For each proximity matrix, the COFUST
algorithm is applied for the data sample setting the tuning spatial coefficient in the range of [0.7, 1]. For
each replication, the Fuzzy Moran and Generalised Fuzzy Moran statistics are calculated for the fourcluster solution. Results are reported in Tables 7.3 and 7.4.
When clusters are obtained merely by the behaviour of time series, i.e. no spatial information
is considered (𝛽 = 1), the Generalised Fuzzy Moran index differs significantly from the Fuzzy Moran
index. Particularly when 𝜏 = 0.01, the temporal dependence among the generated time series is low
and the time series in each of the four clusters are randomly distributed in time while being close in
‘space’ due to the setup of the proximity matrix S1. As a result, the spatio-temporal autocorrelation
measure is approximately 0. On the other hand, the spatial autocorrelation detected by the Fuzzy Moran
index still gives a value of nearly 0.5. The influence of the temporal dimension on the Generalised
Fuzzy Moran index is therefore apparent.
The results of clustering time series with spatial information are obtained by setting 𝛽 ≠ 1. For
either proximity matrix, one could arrive at different conclusion if he/she chooses the optimal value of
the spatial tuning coefficient 𝛽 based on the values of Generalised Fuzzy Moran and Fuzzy Moran
indices. For example, in the case of S1 and 𝜏 = 0.75, the Fuzzy Moran index reaches its maximal value
when 𝛽 = 1, indicating that 𝛽 = 1 being the optimal value at which the spatial autocorrelation among
post-cluster units is maximised. However, the spatio-temporal autocorrelation measure reaches its
maximum (0.6263) at 𝛽 = 0.9. Thus, failing to account for both spatial and temporal dimensions in the
data varying across space and over time could lead to incorrect results.
Table 7.3 Results of Fuzzy Moran and Generalised Fuzzy Moran indices for simulated data
from model (7.29) with length T=50 and proximity matrix S1.
Clustering tuning

Fuzzy Moran index

Generalised Fuzzy Moran index

parameter

𝜏 = 0.75

𝜏 = 0.01

𝜏 = 0.75

𝜏 = 0.01

𝛽=1

0.9868

0.4870

0.5790

-0.0431

𝛽 = 0.9

0.9548

0.4374

0.6236

-0.0690

𝛽 = 0.8

0.7526

0.4278

0.5722

-0.0289

𝛽 = 0.7

0.5460

0.4323

0.4976

-0.0482

Note: Mean values over R = 200 replications.
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Table 7.4 Results of Fuzzy Moran and Generalised Fuzzy Moran indices for simulated data
from model (7.29) with length T=50 and proximity matrix S2.
Clustering tuning

Fuzzy Moran index

Generalised Fuzzy Moran index

parameter

𝜏 = 0.75

𝜏 = 0.01

𝜏 = 0.75

𝜏 = 0.01

𝛽=1

0.1234

0.3902

0.0405

-0.0350

𝛽 = 0.9

0.2243

0.4172

0.0220

-0.0339

𝛽 = 0.8

0.3409

0.0267

0.0094

-0.0033

𝛽 = 0.7

0.0118

0.0144

0.0084

-0.0009

Note: Mean values over R = 200 replications.

To sum up, the above two simulations demonstrate the performance and main features of the
Generalised Fuzzy Moran index. On the one hand, the proposed index extends the classical Global
Moran’s I statistics to compute the spatial autocorrelation of time series data. On the other hand, it can
be considered as an extension of the Fuzzy Moran index to measure the spatio-temporal autocorrelation
of post-cluster units in a space-time clustering procedure. In this analysis, the Generalised Fuzzy Moran
index will be adopted to assist the selection of final clustering partition in the COFUST clustering
algorithm when several spatial coefficients (𝛽) are considered.

7.3

Data

In order to explore how the global diets have evolved over time, data collated from the Food Balance
Sheet (FBS) are utilised. The FBS contains annual time series on energy supply (measured as
kcal/person/day) of total calories as well as primary food commodities for over 200 countries and
territories (FAO 2019c). An overview of the FBS data is given in Section 4.3.4 (Chapter 4). Despite
being repeatedly mentioned throughout the narrative, it is worth emphasising again that the
consumption-level waste (i.e. food that is wasted at retail, restaurants, and household) is not
incorporated in the supply figures, therefore the FBS data represents food available for consumption
rather than actual food consumption. In the subsequent empirical analysis, the terms caloric
consumption, food consumption and diet should be interpreted as food available for consumption.
Another key limitation of the FBS is the reliability of data coverage and data quality for less developed
countries (FAO 2018). In spite of these caveats, the FBS data has been widely utilised in empirical
studies as it is the only source of standardised food consumption information that enables longitudinal
comparisons between a large set of countries (Vilarnau et al. 2019). This chapter utilises the same data
set as in Chapter 6, which consists of 118 annual univariate time series on daily per capital total calories
available for consumption (hereafter referred to as per capital daily calories) from 1961 to 2013.

210

For the cluster profiling step, information on apparent consumption of main food aggregates is
gathered from the FBS (FAO 2019c). Data on GDP per capita are collected from the FAOSTAT (FAO
2019b) and other data are retrieved from the World Bank database (World Bank 2020e).
To examine how the global diets have evolved with respect to some common guidelines on
healthy diets, a suitable index to measure the healthiness of a country’s diet is needed. Among a number
of dietary quality indices in the existing literature (see Section 4.2, Chapter 4), the Mediterranean
Adequacy Index (MAI) is selected in this analysis. This index was originally developed by Fidanza et
al. (2004) to measure the adherence to the Mediterranean diet in two Italian cohorts of the Seven
Countries Study. The benefits as well as drawbacks of the MAI are discussed in Section 4.3 (Chapter
4). To recap, two major advantages include the simplicity of calculation with readily available data and
the usefulness in comparing the trends in food availability over time.
In terms of calculation, MAI is created as a quotient between the sum of calories from typical
Mediterranean diet (healthy foods) and the sum of calories from non-typical Mediterranean diet (less
healthy foods). Overall, the higher the MAI value, the greater the adherence to Mediterranean dietary
patterns, the healthier the diet. Here, the MAI is computed as:

𝑀𝐴𝐼 =

𝐶𝑎𝑙𝑜𝑟𝑖𝑒𝑠 (𝑔𝑜𝑜𝑑)
𝐶𝑎𝑙𝑜𝑟𝑖𝑒𝑠 (𝑏𝑎𝑑)

=

𝑐𝑒𝑟𝑒𝑎𝑙𝑠+𝑠𝑡𝑎𝑟𝑐ℎ𝑦 𝑟𝑜𝑜𝑡𝑠+𝑣𝑒𝑔𝑒𝑡𝑎𝑏𝑙𝑒𝑠+𝑓𝑟𝑢𝑖𝑡𝑠+𝑓𝑖𝑠ℎ+𝑣𝑒𝑔𝑒𝑡𝑎𝑏𝑙𝑒 𝑜𝑖𝑙𝑠
𝑚𝑖𝑙𝑘+𝑚𝑒𝑎𝑡+𝑒𝑔𝑔𝑠+𝑎𝑛𝑖𝑚𝑎𝑙 𝑓𝑎𝑡𝑠+𝑠𝑢𝑔𝑎𝑟&𝑠𝑤𝑒𝑒𝑡𝑒𝑛𝑒𝑟

7.4

Empirical results

7.4.1

Results of the copula-based fuzzy time series clustering algorithm

(7.22)

To assess the similarities among national diets over time, cluster analysis is utilised to identify groups
of countries that share common characteristics in the past trends of calorie availability.
To help visualise the data, 118 univariate time series of per capita daily calories are illustrated
in Figure 7.2. Each row of the heatmap represents a univariate time series, and the line graph below the
heatmap plots the aggregate series. The heatmap format presents the data (calorie availability in
kcal/capita/day) by a palette of green: the darker the shading the greater the calories, with time on the
horizonal axis running from left to right. Overall, a switch from white shades to green over the period
1961-2013 is observed for most countries. Since the majority of time series start off with white shades
(low calories), evolve to light green (medium calories) in the middle and end with dark green shades
(high calories), a predominant upward trend is witnessed. This trend is confirmed by the gradual
increase of the aggregate series (except for a little stagnation in the mid-1980s and early-1990s) in the
line graph. However, some countries seem to buck this rising trend as shown by the transition from
green shades (high calories) in 1961 to white (low calories) in 2013. This decrease in calorie availability
over the past half a century is not surprising given a handful of negative growth rates observed in Figure
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6.8. The historical calorie changes are therefore uneven across countries. Additionally, the period 19801990 is when the calorie changes (the switch from white to green or the reverse) became most apparent.

Figure 7.2 Time series plot of daily per capita calories for 118 countries, 1961-2013.
On the other hand, Figure 7.2 demonstrates the complexity of the data which varies both across
countries and over time: 118 annual time series spanning over 53 years. The complexity of this data set
requires an exploratory tool to describe and summarise the data meaningfully. A simple naïve approach
is to derive the average figures by imposing a rule; for example, to aggregate the countries by geography
(say continent) or economic criteria (say income level). While this approach has the virtue of simplicity,
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it takes no account of proximate countries (in terms of location or development) with different diets.
For instance, the calorie figure of the USA and Mexico are as dissimilar as the figure of Japan and
Germany despite their geographical and economic proximity respectively. In such circumstances,
techniques that categorise countries more flexibly offer some appeals. One such tool is cluster analysis
– a data description method that classifies countries into different clusters so that countries within the
same cluster are similar to each other but dissimilar to countries in other clusters.
In this analysis, the novel copula-based time series fuzzy clustering algorithm (Disegna et al.
2017) is adopted to detect different clusters characterised by similarities in the historical trends of
caloric consumption. The copula function helps to detect the dependence among time series whilst the
fuzzy approach allows a country to belong to multiple clusters with varying degrees of membership.
Indeed, fuzzy clustering is an attractive method as it allows the possibility that individuals within a
country do not consume the same diet and therefore a number of diets coexist within a single country.
While for some countries the notion of a national diet is a reasonable rule of thumb, for many other
countries the coexistence of different diets will be more appropriate. The overlapping nature of fuzzy
clustering gives us an edge in exploring different diets within a country – an impossible task by naively
averaging the national diets by geography (say continent) or economic criteria (say income level).
To derive the clustering partition, the algorithm relies on the information related to the copulabased dependence among the clustering variables (time series in this case). As discussed in Remark 1
(Section 7.2.1), the clustering algorithm is conducted in two scenarios, when the clustering variables
are original data (‘Trend analysis’) and pre-filtered data (‘Fluctuation analysis’). To recap, ‘Trend
analysis’ classifies countries that share common evolutions in caloric consumption while ‘Fluctuation
analysis’ clusters countries that experience common deviations from the trend in caloric consumption.
Before performing the cluster analysis, it is useful to have an idea about what kind of
relationship exists in the data. Figure 7.3 visualises the pairwise Kendall’s correlation among the
clustering time series in heatmap format: blue (red) indicates positive (negative) correlation and the
darker the shade the stronger the correlation. The heatmap related to ‘Fluctuation analysis’ on the righthand side is mainly made up of white or very light red/blue shades that denote correlation measures
close to zero, implying low pairwise dependence among pre-filtered data (detrended series). In contrast,
the majority of observed series employed in ‘Trend analysis’ are positively correlated as shown by the
dominance of red shades whilst a minority are negatively correlated. The inspection of Figure 7.3 thus
reveals a clear and significant dependence structure among the clustering variables used for ‘Trend
analysis’ but a more random pattern (i.e. no association) among those used for ‘Fluctuation analysis’.
Clustering results from two analyses are discussed in turn below.
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Figure 7.3 Heatmap of the pairwise Kendall’s correlation between clustering variables.
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Trend analysis: clustering variables are original data (observed series)
Figure 7.4 shows values of the FS and XB cluster validity index for varying number of clusters 𝐾 from
2 to 10. The optimal number of clusters is suggested not by the level of the indices but by the changes
of the series (the largest value among the peaks in FS and the smallest value among the troughs in XB).
According to Figure 7.4, the two indices exhibit clear mirroring behaviours: the FS peaks while the XB
troughs at 𝐾 = 2, 𝐾 = 4, and 𝐾 = 6. It is evident that two-cluster solution is the best partition, followed
by four-cluster and six-cluster solution. Thus, the clustering results of two-cluster, four-cluster and sixcluster partitions are interpreted in the subsequent discussion.
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Figure 7.4 FS and XB validity index values for each cluster partition 𝐊 from 2 to 10 (Trend
analysis).
Fixing 𝐾 = 2, the clustering algorithm identifies two clusters (CL) represented by China (CL1)
and Zimbabwe (CL2), which account for 94% and 6% of the world population respectively. Figure 7.5
illustrates the cluster medoids and the membership degree of each country belonging to two clusters.
The different colour shades for the membership degree perfectly illustrate the philosophy of fuzzy
clustering: each country belongs to all clusters with varying membership proportions. In each cluster,
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only the cluster representative (denoted by the red colour) belongs 100% to that cluster, the medoids of
other clusters (coloured in pink shades) have the membership degree of 0 and the remaining countries
have a membership proportion in the range of (0, 1). The degree to which all other countries belong to
each of these clusters is indicated by the shade of blue: the darker the blue shade, the higher the
membership proportion. As expected from the dominant size of CL1, the majority of countries belong
to CL1 with high membership degrees. The darkest shade of blue in CL1 is witnessed across Asia,
Europe, Northern Africa, and Americas. On the other hand, only few countries are associated to CL2
with a membership proportion higher than 50%, and the most notable ones include Switzerland,
Australia, and some countries scattered in Southern Africa.

Cluster 1

Cluster 2

Figure 7.5 Cluster membership degrees (𝑲 = 𝟐, Trend analysis).
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Figure 7.6 plots the weighted average calories from 1961 to 2013. The solid line, denoting the
calorie availability of CL1, shows a gradual increase over the past half a century – a shift that 94% of
the global population has experienced. In contrast, the calorie availability of CL2, represented by the
dashed line, was stagnant over the first two decades of the period, declined markedly to a trough in the
early 1990s but has risen quickly and ultimately reached the level comparable to the initial calorie level
in 1961. The inspection of Figure 7.6 thus helps make sense of the clustering results: CL1 includes
countries (or precisely segments of the population) whose calorie availability has increased dramatically
over the past 50 years (most of the world), and CL2 represents the minority whose calorie figure may
have fallen. Even though rising calorie consumption is the dominant trend worldwide, ‘Trend analysis’
detects another trend which is minor but ineluctable and evident in Figure 6.8 – reducing calorie
consumption. Will these two trends remain, or will new dietary patterns emerge when the number of

2700
2600
2500
2300

2400

Calories (kcal/person/day)

2800

2900

clusters 𝐾 increases?

2200

CL1
CL2
1960

1970

1980

1990

2000

2010

Year

Figure 7.6 Weighted average daily per capita calories, 1961-2013 (𝑲 = 𝟐, Trend analysis).
When 𝐾 = 4, ‘Trend analysis’ reveals four clusters of varying sizes. Almost three quarters of
the world population are classified into CL1, approximately 10% in CL2 and CL3 each, and CL4 is the
niche cluster accounting for less than 5% of the global population. Figure 7.7 illustrates the geographical
dispersion of each cluster. In each world map, the cluster is represented by a country representative
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(“medoid”) coloured in red, and the calorie trajectory of which is most exemplar of the cluster. The four
cluster medoids are China, Ghana, Iraq, and Zimbabwe respectively. The membership degree of other
countries belonging to each of these clusters is shown by the shade of blue: the darker the colour the
higher the membership proportion. Clearly, the dark shade of blue dominates in CL1, indicating the
relatively high membership degree of most countries belonging to this cluster. The number of countries
with high membership degree to other clusters is significantly lower, and the most noticeable are the
UK and Finland in CL2, Venezuela and Tanzania in CL3, and Switzerland in CL4. For these countries,
the notion of a single national dietary evolution is a fair approximation. Although the grouping of Ghana
and the UK in the same cluster may sound questionable, each of these countries might have a group of
people with similar taste and preference for calories. It may also reflect the exercise of free will in
obesogenic environments leading to similar outcomes despite seemingly different settings. Obesity is
after all a universal phenomenon. Yet, it is not hard to find other countries (for example Australia)
whose membership proportion spreads almost equally in all clusters. In such circumstances, the idea of
a national dietary trend is more of a ‘fuzzy’ nature and the presence of multiple dietary evolutions in a
single country will be more appropriate.

China

Cluster 1

Ghana

Cluster 2
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Iraq

Cluster 3

Zimbabwe

Cluster 4

Figure 7.7 Cluster membership degrees (𝑲 = 𝟒, Trend analysis).
Figure 7.8 shows the changes of the weighted average calories over the past 50 years. Some
features seem noteworthy. First, the evolution of calories is not homogenous across clusters. Rising
calorie content is the dominant but not the only trend. In general, the daily per capita calories have
improved over the past half a century from a minimum of 2,200 to approximately 2,400 kcal/capita/day.
This increase was mainly driven by CL1 which was once the least calorific but grew relentlessly and
became the most calorific cluster in 2013. Despite rising quickly during the first decade of the period,
the calorie availability of CL2 declined in the early 1970s before bouncing back in 1985 at a more or
less similar speed as before the plummet. The calorie availability of CL3, which closely mimicked that
of CL1 for the first three decades of the period, dropped suddenly in 1989 and recovered its growing
trend in late 1990s. Unlike the first three clusters, the calorie figure associated with CL4 was oscillating
up and down between 2,200 and 2,400 kcal/capita/day and ended up being the smallest among four
clusters in 2013. Therefore, CL4 could represent those countries that experienced declining calorie
consumption over the past half a century (as shown by the negative growth rates in Figure 6.8).
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Overall, when 𝐾 = 4, ‘Trend analysis’ identifies four dietary patterns: a monotonic rising trend
(CL1), two rising trends with a dip (CL2-3), and a reversal (CL4). Although the four dietary trends were
heading on distinct paths to different levels of calories, they have evolved in the same upward direction
and at a similar pace during the last couple of decades. Compared to the two-cluster partition, the fourcluster solution keeps the niche cluster whose calorie consumption declined over the past half a century
but divides the dominant cluster characterised by increasing calories. However, there is still a large
cluster represents 75% of the world population whose calorie consumption has risen constantly over
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Figure 7.8 Weighted average daily per capita calories, 1961-2013 (𝑲 = 𝟒, Trend analysis).
Fixing 𝐾 = 6, cluster analysis identifies six clusters of varying sizes. Similar to the previous
two scenarios, a large cluster (CL2) accounting for over half of the global population does exist. Other
considerable clusters include CL3 and CL4 which respectively make up 15% and 10% of the world
population whereas the remaining clusters (CL1, CL5 and CL6) are niche clusters. Figure 7.9 shows
the geographical dispersion of each cluster. The dark shade of blue dominates in CL2, indicating the
relatively high membership degree of most countries to this cluster. Countries predominantly included
in CL2 are the USA, Canada, and Brazil. The dark shades of blue associated with CL3 – the second
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largest cluster belong to Japan, the Netherlands and some Mediterranean countries such as Spain, Italy
and Greece. The number of countries with high membership to other clusters is significantly lower, for
example Cameroon (CL1), the UK and Finland (CL4), Tanzania (CL5), Kenya and Switzerland (CL6).
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Figure 7.9 Cluster membership degrees (𝑲 = 𝟔, Trend analysis).
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To better understand the obtained clusters, Figure 7.10 plots the changes of the weighted
average calories. In general, the clustering algorithm identifies a monotonic rising trend (CL2), a
declining trend (CL6) and other rising trends with reversal. The diet of CL2 was once the least calorific
in 1961 but grew steadily by almost a third and became one of the most calorific in 2013. Departing
from the same lowest initial level of calories, CL5 mimicked the behaviour of CL2 closely before
declining dramatically in the mid-1980s but has picked up since the late 1990s. With Iraq being the
medoid and including countries such as Tanzania, Swaziland and Venezuela with high membership
degrees, CL5 seems to represent those countries whose food consumption was severely affected by war
or political instability. Showing some disruption in the 1970s, the caloric consumption series of CL4
which is largely associated with upper-middle-income countries (Peru, Chile, Thailand and Bangladesh
to name a few) recovered in the early 1980s and is approaching the level similar to the majority of the
global population. In contrast to these clusters, CL6 includes those countries whose calorie consumption
has declined over the past half a century.
In addition to the previously identified four trends, allowing for a larger number of clusters 𝐾
reveals two new dietary patterns corresponding to CL1 and CL3. The former is characterised by
stagnating calorie consumption until the 1980s followed by a trough in the early 1990s before
rebounding strongly since then. Comprising of only a small number of sub-Saharan African countries
(those with the membership proportions of over 60% include Cameroon, Senegal, Sierra Leone), this
cluster might represent diets of poor countries that were badly hit by the food crisis in the 1970s but
have taken advantage of the globalisation process accelerated in the 1990s. Interestingly, CL3, despite
its historical highest level of calories, has shown signs of stabilising calories since the early 2000s.
Remaining at the mot calorific level, the calorie consumption associated with CL3 has levelled off for
the past 15 years. Overall, what is clear from Figure 7.10 is that for the past two decades, all clusters
except CL3 have experienced more calorific diets. The fact that the most calorific cluster has ceased to
gain its calorie content gives evidence for the shift from Pattern 4 to Pattern 5 of the nutrition transition
model which features behavioural changes for a better diet. Nonetheless, diet is not only about the
quantity of calories consumed but also about what type of calories. It is therefore necessary to examine
this stabilising pattern with regard to dietary components.
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Figure 7.10 Weighted average daily per capita calories, 1961-2013 (𝑲 = 𝟔, Trend analysis).
Next, the diet of CL3 is investigated for eleven main food groups, namely meat (including eggs),
animal fat, milk, sugar, fish, vegetable oils, pulses, cereals, starchy roots, fruits, and vegetables. These
food groups represent the composition of any diet and make up the total calorie figure. Figure 7.11
shows the energy contribution of these food groups in terms of deviation from the global average. The
horizontal axis runs from left to right, with zero indicating that the consumption is equivalent to the
global average, positive numbers indicating above average and negative numbers below average.
Because the switching behaviour in the diet of CL3 seems to occur between the late 1990s and the early
2000s, the dietary characteristics in Figure 7.11 are examined for two sub-periods: before 2000 (denoted
by the turquoise shade) and after 2000 (denoted by the red shade). In either period, the negative values
of the bars suggest that the consumption of pulses, cereals and starchy roots is always below the global
average whereas the positive values of the bars for the remaining food groups suggest the consumption
above the average. Being rich in animal-source foods whilst low in cereals, roots and pulses, the diet of
CL3 carries main elements of the ‘Western diet’ except the high consumption of fish and vegetables.
On the other hand, it can be seen from the size of the bars between two sub-periods that after 2000 CL3
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has increased the consumption of vegetable oils, fish, starchy roots, and meat but reduced the
consumption of animal fat, milk, sugars, vegetables, pulses and cereals. Thus, the stabilisation of the
per capita daily calories during the past 15 years is mainly driven by both lower consumptions of less
healthy foods (animal fat, milk, and sugars) and higher consumptions of healthier ones (fish and roots).

Figure 7.11 Changes in dietary composition of CL3 (Trend analysis).
To sum up, the ‘Trend analysis’ identifies different dietary evolutions representing common
dietary trends among 118 countries. Regardless of the number of clusters (𝐾), cluster analysis detects a
predominant trend – monotonic rising calorie consumption over time which is experienced by the
majority of the global population and another trend which is minor but ineluctable – reducing calorie
consumption. Increasing the number of clusters enables the largest cluster to be split up into various
dietary evolutions, all of which can be described as rising trends with a reversal, albeit to varying extents.
Inspection of the geographical distribution of cluster membership and the changes of the weighted
average calories helps to make sense of the clustering results. Setting 𝐾 = 6 reveals a unique cluster
(CL3) representing about 10% of the world population whose diet, despite its highest level of calorie
consumption, is the only to not become more calorific over the past 15 years. For this cluster, the
stabilisation of calorie consumption shows evidence of progressing beyond Pattern 4 of the nutrition
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transition. Importantly, such a behaviour is largely attributed to the lower consumption of less healthy
foods (animal fats, sugars and milk).
Of perhaps more concern is that the other 90% of global population appears to be on a trajectory
path of consuming an ever-increasing more calorific diet with no evidence of a slowdown. The largest
cluster, CL2, is only 100 kilocalories less than CL3 in 2013 yet exhibits no signs of stabilisation
observed for CL3. Starting at the lowest level of calories half a century ago, this cluster is now at the
consumption level of CL3 in the mid-1990s. Extrapolating from this historical growth rate, CL2 would
likely overtake CL3 to become the most calorific cluster in about ten years’ time. The calorie content
of this diet is accelerating, so is the rate of overweight and obesity. As CL2 is predominantly represented
by populated countries such as China, the United States, Brazil, India, and Indonesia, the dire prediction
that “a third of the global population will be overweight or obese by 2030” is not completely without
foundation (Global Panel on Agriculture and Food Systems for Nutrition 2016). Given the dietary origin
of obesity, the unceasing rise in calorie consumption acts as an important ‘canary in the coal mine’ for
understanding the rise of obesity in populations with hitherto lower rates, for example Indonesia and
India. Furthermore, there is no reason why the consumption level of CL3 represents a ceiling.
Considering the current situation, CL2 and potentially others could overtake CL1 in the future.
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Fluctuation analysis: clustering variables are pre-filtered data (detrended series) 3
Figure 7.12 shows the values of FS and XB cluster validity index calculated for the number of clusters
𝐾 ranging from 2 to 10. The FS exhibits a strong upward tendency and its value consistently increases
when 𝐾 ≥ 4. This is a sign that the FS value is likely to go up and reaches the peak of a very large
𝐾 (𝐾 > 10); therefore, the FS index cannot help to determine an optimal number of clusters. Turning
to the XB series, three troughs are observed at 𝐾 = 2, 𝐾 = 5, and 𝐾 = 8. Comparing the smaller XB
values at these points reveals that the two-cluster solution is the best partition, followed by the fivecluster partition. Therefore, clustering results related to two-cluster and five-cluster solutions will be
discussed subsequently.
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Figure 7.12 FS and XB validity index values for each cluster partition 𝐊 from 2 to 10
(Fluctuation analysis).

Fixing 𝐾 = 2 , the two clusters obtained by the clustering algorithm are represented by
Germany (CL1) and Namibia (CL2), accounting for 58% and 42% respectively of the world population.
It is worth mentioning that this division differs significantly from the 90:10 split observed in the ‘Trend

3

The material contained in this section has been published in Le et al. (2020).
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analysis’. Figure 7.13 illustrates the cluster representatives and the membership degrees of each country
belonging to two clusters. The membership degree to which countries belong to each of these clusters
is indicated by the shade of blue: the darker the shade the higher the membership degree. While most
countries in Asia Pacific, Africa and Northern America tend to belong to two clusters with equal
membership proportions, some exceptions are witnessed, for example India and Mexico are
predominantly included in CL1 or New Zealand in CL2. A clear contrast is observed in Europe where
Central European countries with Norway and Sweden are largely associated with CL1 with high
membership proportions whereas those in Western Europe and Southern Europe mainly belong to CL2.

Cluster 1

Cluster 2

Figure 7.13 Cluster membership degrees (𝑲 = 𝟐, Fluctuation analysis).
Figure 7.14 plots the weighted average calories from 1961 to 2013, with a strong increase in
total calories over the past half a century, from about 2,250 kcal/person/day in 1961 to above 2,800
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kcal/person/day in 2013. In particular, the two series are closely resembled in shape and in level over
the period under examination – an unsurprising feature providing the somewhat 50/50 membership
proportion of most countries belonging to two clusters. From the practical perspective, this alike
behaviour of the two weighted average series can cause difficulties in policymaking recommendations.
When the clustering results from the best partition are insufficiently informative, the analysis of the
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Figure 7.14 Weighted average daily per capita calories, 1961-2013 (𝑲 = 𝟐, Fluctuation analysis).
When 𝐾 = 5 , the clustering algorithm returns five clusters represented by the following
countries: Switzerland, The Gambia, Japan, Nicaragua, and Saudi Arabia. These clusters are of
comparable sizes in terms of the world population. Figure 7.15 illustrates the cluster representatives and
the membership degrees of each country belonging to five clusters. Some countries (depicted in the
darkest blue shade) are predominantly associated with a single cluster (for instance, Ireland in CL2,
Italy in CL3 and Vietnam in CL4), implying that for these countries the notion of a national diet may
be a reasonable approximation. For many other countries which equally belong to multiple clusters, the
coexistence of different dietary types is closer to reality. For example, Australia appears in CL3 and
CL5, the UK in CL1 and CL2.
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Figure 7.15 Cluster membership degrees (𝑲 = 𝟓, Fluctuation analysis).
Figure 7.16 shows the changes of the weighted average calories from 1961 to 2013. Overall,
two comments can be made. First, calorie availability has increased in all clusters during the past half
a century on average by over 20% from around 2,250 to approximately 2,800 kcal/person/day, and the
rising speed is more robust after 1992. However, there was a noticeable dip in 1990. In a FAO/WHO
joint publication (WHO 2003, pp.14-15), what happens to the calorie availability in early 1990s is
attributed to a decline in transition countries: "The increase in the world average consumption would
have been higher but for the declines in the transition economies that occurred in the 1990s”. As
countries contribute to five clusters with roughly equal membership proportions, the declining pattern
is observed for all five weighted average series. Since all clusters have become more calorific over time,
it seems that the ‘Fluctuation analysis’ is unable to identify the niche cluster characterising reduced
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calorie consumption previously seen in the ‘Trend analysis’. This finding can be explained by the choice
of the clustering variables which are pre-filtered data (detrended series) for the ‘Fluctuation analysis’,
and as a result, some systematic information related to the continued variability of time series such as
direction (upward/downward) and speed of change is removed by pre-filtering.
Another important message from Figure 7.16 is that the gaps between calorie trajectories are
becoming narrower, indicating sigma convergence. Moreover, this converging pattern is more evident
after 1990, suggesting a rise in the convergence speed in the last couple of decades. Figure 7.16 also
implies that countries with lower initial calories in 1961 tend to exhibit higher growth rates and
countries are approaching towards a steady-state level (the ‘catching-up’ effect in beta convergence
literature). To illustrate, the calorie content of CL4 was the second smallest among five clusters in 1961
yet grew quickly and joined the most calorific group (with CL1 and CL3) in 2013. In particular, the
smallest average annual growth rate of CL1 (0.43%) gives evidence that clusters are converging towards
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Figure 7.16 Weighted average daily per capita calories, 1961-2013 (𝑲 = 𝟓, Fluctuation analysis).
So far, clusters are defined solely based on the historical calorie availability. The question is
whether it is possible to attach a meaningful dietary type (based on diet composition) to each cluster.
Figure 7.17 compares the average dietary characteristics of five clusters in terms of eleven food
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aggregates (meat (including eggs), animal fat, milk, sugars, fish, vegetable oil, pulses, cereals, starchy
roots, fruits, and vegetables). These food groups approximately represent any diet and make up the
calories available for consumption. With red (blue) indicating food groups consumed more (less) than
the global average, this provides an indication of the dietary composition of each cluster that has been
identified. CL1 is best described as having a typical ‘Western diet’ with high intakes of meat and animal
fat, fairly high intakes of dairy products but low intakes of cereals and pulses. Diet of CL2, comprising
mostly of basic staples such as cereals but little of sugars, vegetable oils, fruits or vegetables, could be
deemed as the ‘Traditional diet’. CL3 enjoys a diet rich in fish, vegetable oils, and vegetables. These
dietary characteristics resemble the ‘Mediterranean diet’. Regarding CL4, most of the calories come
from milk, sugars, pulses, and fruits whereas the energy contribution of cereals and vegetable oils
remains limited. This diet is coined ‘Tropical diet’. CL5’s diet emphasises starchy roots, but is loosely
based on animal fats and milk, thus is named ‘Vegetarian diet’. While the labels used here are merely
convenient descriptors, the fact that clusters map quite neatly into broad dietary types provides a
convenient way to categorise the diets that underlie national food availability figures. It also provides a
basis to assess the health implications of these major dietary types subsequently.

Meat

Animal fat

Milk

Sugar

Fish

Vegetable oil

Pulses

Cereals

Starchy roots

Fruits

Vegetables
CL1

CL2

Low

Medium−low

CL3

Average

CL4

Medium−high

CL5

High

Note: High/low indicates the value outside the range (global average ± 1 standard deviation);
Medium-high/medium-low indicates the value inside the range (global average ± 0.5 standard deviation).

Figure 7.17 Heat map of dietary composition of the five clusters.
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In order to examine the healthiness of these dietary types, the MAI values are calculated. Figure
7.18 illustrates the changes of MAIs over the period 1961-2013. A downward trend is evident in all
clusters but at varying speeds. Over the past 20 years, all diets except the ‘Traditional diet’ have been
worsening sharply. Indeed, the declining rate is most rapid for the seemingly least healthy diets. On the
other hand, the deterioration in MAIs seems to slow down after 1995 as compared to the historical
pattern in the 1960s. Another striking feature from Figure 7.18 is that the MAIs peaked up in 1975 for
all clusters. This could be due to two effects: price effect and income effect. The former refers to a rise
in the price of some food commodities, hence lowering the consumption of unhealthy food (for instance
sugars). The latter refers to a fall in income, creating a shift towards cheaper foods (for example cereals
or vegetables).

Figure 7.18 Mediterranean Adequacy Index for the five clusters, 1961-2013.
An explanation for the declining healthiness of five dietary types is put forward in Figure 7.19. All diets
are replacing carbohydrates with fat, equating with a move from plant-based to animal-based foods and
providing evidence for the nutrition transition. Globally, diets have become increasingly unhealthy
owing to the confluence of two related facts: not only are we eating more calories, typically in processed
forms but that these calories are increasingly from animal-source foods. Further, the decline in energy
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expenditure over time due to sedentary lifestyles allows the effect of these dietary changes to become
apparent. The obesity problem has both quantity and quality dimensions.
It is clearly observed from Figure 7.19 that all diets have behaved and changed in the same way.
While this uniform behavior is not unexpected from the nutritional point of view, some technicalities
are worth mentioning. The clustering inputs for this Fluctuation analysis are detrended time series based
on not the level of calories, but shocks to calorie consumption (for example, due to natural disaster,
conflicts, war, economic crisis, or political instability). Because the drivers for dietary changes are often
common across countries, the derived clusters behave similarly in many aspects. While the analysis
solely utilises one variable – total calorie availability, fuzzy clustering is the best attempt to reflect the
different dynamics within each country. However, unless the clustering algorithm is explicitly spatial,
the role of different spatial dynamics across geographies would not be sufficiently accounted for.
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Figure 7.19 Macronutrient composition of the five clusters, 1961 and 2013.
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As a pessimistic picture of deteriorating dietary healthiness emerges worldwide, a crucial
question to ask is: “Do those dietary changes couple with any pay-off in health status?”. Table 7.5
reveals rather optimistic news: rising life expectancy in all clusters. Nonetheless, the figures for HALE
(healthy-adjusted life expectancy) tell a different story: the world is enjoying shorter years living at
“full health”. A new-born nowadays expects to gain somewhat five years as compared with babies born
at the start of the millennium; nevertheless, these longer lives are predicted to be spent in poor health.
Even though poorer diet is certainly not everything to blame for, wide-ranging evidence points out that
globally over one-fifth of all adult mortality being linked to dietary factors (Afshin et al. 2019).
Table 7.5 Changes in Life Expectancy (LE) and Health Adjusted Life Expectancy (HALE) in
years since 2000 (weighted averages by country).
Western

Traditional

Mediterranean

Tropical

Vegetarian

diet

diet

diet

diet

diet

LEa

5.2

5

5

4.7

4.8

(years at birth)

[66.0-71.2]

[65.0-70.0]

[66.1-71.1]

[67.1-71.8]

[65.3-70.1]

HALEb

-5

-4.9

-4.9

-4.5

-4.8

(years at birth)

[63.0-58.0]

[62.1-57.2]

[62.9-58.0]

[63.6-59.1]

[62.1-57.3]

p-value

0.508

0.501

Note: Repeated measures ANOVA test is used to determine whether the weighted mean value differs among the
clusters identified. All test results are not significant unless indicated otherwise. Figures inside square brackets
represent values for the beginning and ending period.
*, ** and *** denote statistical significance at the 10%, 5% and 1% level, respectively.
a

change between 2000-2013; b change between 2000-2015.

Data are retrieved from the World Bank (World Bank 2020e).

In summary, the ‘Fluctuation analysis’ identifies five clusters based on common shocks in the
calorie availability. Although the algorithm solely utilises the information on the patterns of changing
calorie consumption, the identified clusters match neatly with distinguished nutritional composition of
diets. Nonetheless, these clusters do not vary much in either the behaviour of the calorie trajectories or
the implications for health. All clusters strongly exhibit an increasing trend in the calorie availability
while the inspection of Figure 6.8 reveals a decrease in calorie availability over the period for
approximately 10% of the study sample. On the other hand, the large p-values of the repeated measures
of ANOVA test in Table 7.5 imply that the weighted average changes in both life expectancy and
healthy-adjusted life expectancy among five clusters are not statistically different. Overall, the effect of
detrending is apparent.
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On a final note, as cluster analysis is an exploratory tool to summarise data meaningfully, there
is no right or wrong answer (when one decides to interpret the clustering results corresponding to a
larger or smaller number of clusters). That said, some cluster validity statistics (for example, the fuzzy
silhouette index and the Xie-Beni index) can offer some guidance on the optimal number of clusters
from a technical point of view. In this research, these indices tend to suggest two-cluster solution being
the best clustering solution in terms of both internal homogeneity and external heterogeneity. Yet, an
analysis with K=2 is not sufficiently informative as one cluster is often more predominant accounting
for a substantial proportion of the global population. Therefore, the number of clusters was increased
gradually to say K=4 and K=6 in the order suggested by the cluster validity statistics and a more nuanced
picture is revealed. The primary purpose is to see what happens when more clusters are allowed in the
model: do the clusters further break up? and if they do, which ones? Taking the ‘Trend analysis’ as an
example, the clustering solution with K=2 corresponds to two trends: rising calorie consumption over
time versus reducing calorie consumption. Increasing K to 4 and 6, the former cluster is further split up
into smaller clusters representing monotonomic rising trend and rising trends with a dip. In this case,
showing the different clustering solutions for varying K can be thought of as a kind of sensitivity check.

7.4.2

Results of the COFUST clustering algorithm

The empirical study in Chapter 6 discovers a spatial autocorrelation process among national food
consumption patterns. It has shown that the rate of convergence is underestimated when spatial effects
are ignored, and it is therefore of crucial importance to appropriately handle such a relationship if it
exists in the data. Thus, motivated, the second part of this empirical analysis brings in the spatial context
and aims to identify agglomerations of countries characterised by similarity of patterns in food
consumption considering the particular spatial relationship.
To this aim, the univariate time series of 118 countries and their spatial relationship (denoted
by the proximity matrix) are analysed by the COFUST clustering algorithm. The proximity matrix 𝑆 is
specified in the same fashion as the matrix 𝑊 𝑐 which is the only one to yield significant spatial linkages
among the proposed proximity measures. As discussed in Section 7.2.2, the clustering algorithm is
performed for actual data (‘Spatial trend analysis’) and pre-filtered data (‘Spatial fluctuation analysis’).
Although countries within the same cluster are required to be close in the degree of economic
development, the ‘Spatial trend analysis’ identifies those with similar evolution in the calorie
consumption whereas the ‘Spatial fluctuation analysis’ detects those with similar deviation from the
trend.
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Spatial trend analysis
Figure 7.20 summarises values of the FS index calculated for the number of clusters 𝐾 ranging from 2
to 10 and for 𝛽 from 1 (no spatial information) to 0.5. The reason for choosing such a range of 𝛽 values
is that the influence of spatial information is too high for any value of 𝛽 lower than 0.5 (Disegna et al.
2017). The FS trajectories show that the FS index is highest when 𝐾 = 2 for varying 𝛽 values,
suggesting two-cluster solution be the best partition. From the managerial and practical point of view,
a two-cluster solution sometimes cannot be fully informative, and the analysis of the second-best
partition should be taken (D’Urso et al. 2019). As can be seen from Figure 7.20, the second peak in FS
trajectories seems to vary for different values of 𝛽, making it impossible to determine the optimal values
for 𝐾 and 𝛽 simultaneously.
In order to choose 𝐾 and 𝛽, the heuristic procedure mentioned in Section 7.2.2 is adopted. The
optimal number of clusters 𝐾 is selected when no spatial information is considered (i.e. 𝛽 = 1). Fixing
𝐾, the value of 𝛽 that maximises the spatial autocorrelation among post-cluster units is chosen. This
approach allows the cluster formation to be largely based on the dependence among time series, and the
spatial information only fine-tunes the final cluster partition, perhaps by some adjustments in the cluster
membership degrees.
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Figure 7.20 Values of the Fuzzy Silhouette index for each cluster partition for K varying from 2
to 10 and β from 1 to 0.5 (Spatial trend analysis).
As can be seen in Figure 7.20, the FS trajectory for 𝛽 = 1 reaches the peaks at 𝐾 = 2, 𝐾 = 4
and 𝐾 = 6, suggesting that two-cluster partition is the best solution followed by four-cluster and sixcluster partitions. Let 𝐾 take the value of 2, 4 and 6, the Generalised Fuzzy Moran index is computed
for a range of 𝛽 from 1 to 0.5 to measure the spatio-temporal autocorrelation among post-cluster units
in each scenario. The results are plotted in Figure 7.21. The figure’s inspection reveals that the spatiotemporal autocorrelation is maximised when 𝛽 = 0.7 for two-cluster, 𝛽 = 0.5 for four-cluster solution,
and 𝛽 = 0.9 for six-cluster solution. Thus, the subsequent discussion will focus on the clustering results
obtained from the following combinations: (𝐾 = 2 and 𝛽 = 0.7), (𝐾 = 4 and 𝛽 = 0.5), (𝐾 = 6 and
𝛽 = 0.9).
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Figure 7.21 Values of the Generalised Fuzzy Moran index for β ranging from 1 to 0.5.
Fixing 𝐾 = 2, the COFUST algorithm returns two clusters (CL) of comparable sizes, each
represents approximately half of the world population. Figure 7.22 illustrates the membership of
countries belonging to two clusters by the shade of blue: the darker the colour, the higher the
membership proportion. In each world map, the country representative (“medoid”), whose calorie
trajectory is the most exemplar of the cluster, is coloured in red while the medoids of other clusters are
denoted by a shade of pink. CL1 is mainly made up of developed countries across Europe, Northern
America, Australia and some developing countries scattered across other regions. On the other hand,
many developing countries in Africa, Central America and China are associated with CL2 with very
high membership degrees.
It is shown in Table 7.6 that cluster medoids change and the niche cluster which account for
only 6% of the global population disappears when the spatial information is considered. As discussed
in the previous chapter, this cluster corresponds to countries that experience a fall in calorie availability
as opposed to the predominant rising trend experienced by the majority. Without spatial information
the time series clustering algorithm in Chapter 6 reveals two major dietary trends: increasing versus
decreasing calories over the past 50 years (CL1 and CL2 respectively in Figure 7.23b). Considering
spatial information, the COFUST algorithm (in Figure 7.23a) detects two clusters: one corresponds to
a monotonic increase of calorie consumption (CL1) similar to the non-spatial model and one to an
increase with a dip (CL2). Specifically, the difference between CL2 in the spatial and non-spatial
models lies in the starting value. The former is associated with the least calorific diet in 1961 whereas
the latter with the initially most calorific diet. It was shown in Chapter 6 that the group of countries
witnessing falling calories includes both poor countries (say Afghanistan) and the rich ones (say
Switzerland). In this chapter, since the objective of cluster formulation is to not only maximise the
240

similarity in the historical trends but also consider those with comparable incomes, such requirements
reduce the possibility of grouping together countries with wide income disparities in one cluster.
Table 7.6 Cluster solutions with and without spatial information (𝑲 = 𝟐).
Cluster

Without spatial information (β = 1)

With spatial information (β = 0.7)

Medoid

World population (%)

Medoid

World population (%)

CL1

China

93.7

Honduras

55.1

CL2

Zimbabwe

6.3

Trinidad and Tobago

44.9

Cluster 1

Cluster 2

Figure 7.22 Cluster membership degrees when 𝑲 = 𝟐 and 𝜷 = 𝟎. 𝟕.
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Figure 7.23 Weighted average daily per capita calories, 1961-2013 (𝑲 = 𝟐 and 𝜷 = 𝟎. 𝟕).
Regarding the four-cluster solution, Table 7.7 summarises the clustering results. All cluster
medoids change when the spatial information is considered. CL1 accounts for the majority of the world
population, CL3 is the second largest cluster whereas CL2 and CL4 are niche clusters – each represents
about 3% of the global population. The geographical distribution of membership degrees of each
country along with the cluster medoids is illustrated in Figure 7.24. There is a concentration of high
membership proportions in CL1 and CL3 as expected from their biggest cluster sizes. For many
countries, the notion of a national diet is a reasonably valid assumption due to the predominance of
membership degrees in one cluster, for example China and Indonesia (CL1), or Canada and the USA
(CL3). However, other countries seem to subscribe to the idea of different diets coexisting as reflected
by the fuzzy clustering approach. This is best demonstrated by for instance Mexico which equally
belongs to CL1 and CL3 with roughly 50-50 membership proportion. When the space-time clustering
algorithm is performed, one would expect to see the influence of the ‘space’ in the final cluster solution,
i.e. countries with similar incomes tend to be grouped together. This feature is witnessed in some
clusters. To illustrate, CL3 is made up of many Northern and Western European countries (say the UK,
Norway) and their high-income peers (Japan, New Zealand, Canada to name a few). Yet, exceptions
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are spotted for example Bulgaria – a middle-income country is mainly associated with CL4 alongside
some low-income countries (say Afghanistan or Madagascar). Thus, the inclusion of the spatial
information does not compel final clusters to be made solely by countries with alike income levels.
Table 7.7 Cluster solutions with and without spatial information (𝑲 = 𝟒).
Without spatial information (β = 1)

With spatial information (β = 0.5)

Cluster
Medoid

World population (%)

Medoid

World population (%)

CL1

China

73.8

Germany

50.5

CL2

Ghana

13.4

Namibia

2.5

CL3

Iraq

8.6

El Salvador

43.8

CL4

Zimbabwe

4.2

Zambia

3.2

Cluster 1

Cluster 2
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Cluster 3

Cluster 4

Figure 7.24 Cluster membership degrees when 𝑲 = 𝟒 and 𝜷 = 𝟎. 𝟓.
To better understand the four clusters obtained by the space-time algorithm, the trajectories of
calorie consumption are plotted together in Figure 7.25a. Compared with the two-cluster solution,
raising the number of clusters 𝐾 to four does not impact the largest cluster which is characterised by a
monotonic rising calorie consumption (CL3). Instead, the other cluster is split up into two bullish trends
with a dip in the 1970s and 1990s (CL2 and CL1 respectively) and a reversal (CL4). Half of the world
population experiences a high-calorie diet (CL3) whose calorie content has increased dramatically while
four in ten individuals experience a diet (CL1) that evolves from a very low initial calorie level to the
second most calorific in 2013. An upward trend is also witnessed in CL2 but with a long delay. In fact,
the calorie consumption of CL2 was stagnating for the first three decades and began to shoot up strongly
in the early 1990s at a more or less similar speed with the majority. Furthermore, since CL2 comprises
of a small number of sub-Saharan African countries such as Angola, Chad, Zimbabwe with the
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membership proportion of over 60%, this cluster might resemble the diet of poor countries that were hit
by the food crisis in the 1970s but have taken advantage of the globalisation process accelerated in the
1990s. CL4, on the other hand, exhibits an ‘odd’ trend approximating a diet that was once the most
calorific but has reversed the increasing tendency since the 1970s. It should be noted that over the past
15 years the calorie consumption of CL1 and CL3 is characterised by a rising trend that seems
unceasing, whilst that of CL4 has improved modestly and is about to converge with the calorie level of
CL2. Interestingly, this pattern is not observed in Figure 7.25b in which clusters share the common
theme of surging calorie consumption (to distinct levels) since the mid-1990s.
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Figure 7.25 Weighted average daily per capita calories, 1961-2013 (𝑲 = 𝟒 and 𝜷 = 𝟎. 𝟓).
Fixing 𝐾 = 6, the COFUST algorithm identifies six clusters of varying sizes. The cluster
characteristics are shown in Table 7.8. Except for CL3-5, the medoids related to other clusters remain
unchanged when the spatial information is incorporated; however, some adjustments regarding cluster
sizes are observed. Similar to the previous two scenarios, a large cluster (CL2) accounting for about
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half of the global population does exist. Other considerable clusters include CL4 and CL3 which
respectively make up 21% and 16% of the world population whereas the rest are niche clusters. Figure
7.26 shows the geographical dispersion of each cluster. The dark shade of blue dominates in CL2,
indicating the relatively high membership degree of most countries to this cluster. Countries which
predominantly belong to CL2 include the United States, the United Kingdom, Norway and Brazil. The
number of countries with high membership to other clusters is significantly lower. The significant ones
include Uruguay (CL1), Mexico (CL3), Bulgaria (CL5) and Kenya (CL6). Specifically, CL4 is a healthy
cluster being largely associated with New Zealand, the Netherlands, Japan and Mediterranean countries.
Here, the influence of the spatial information is found in the fuzzy cluster membership degree. To
illustrate, the non-spatial algorithm in Chapter 6 assigns Switzerland and Afghanistan to CL6 both with
high membership proportions (64% and 95% respectively); however, the spatial algorithm dramatically
reduces the membership degree of Afghanistan to 54% while maintaining the high membership of
Switzerland. In this analysis, 𝛽 is chosen at 0.9, which indicates to some extent that clusters are defined
based 90% on the behaviour of historical calorie trajectories and 10% on the spatial relationship among
countries. This value returns a cluster solution quite similar to that obtained by the non-spatial
algorithm, and the spatial information fine-tunes the cluster membership degree instead of
overpowering the information conveyed by the calorie time series.
Table 7.8 Cluster solutions with and without spatial information (𝑲 = 𝟔).
Without spatial information (β = 1)

With spatial information (β = 0.9)

Cluster
Medoid

World population (%)

Medoid

World population (%)

CL1

Angola

3.2

Angola

3.7

CL2

China

63.4

China

55.6

CL3

France

14.6

Germany

15.6

CL4

Ghana

9.7

Iran

21.1

CL5

Iraq

6.1

Zambia

1.4

CL6

Zimbabwe

3.0

Zimbabwe

2.6
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Cluster 1
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Cluster 3
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Cluster 4
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Cluster 6

Figure 7.26 Cluster membership degrees when 𝑲 = 𝟔 and 𝜷 = 𝟎. 𝟗.
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For a deeper understanding of the obtained clusters, Figure 7.27a shows the six trajectories of
calorie consumption. Some features seem noteworthy. In addition to a monotonic increasing trend
(CL2), a decreasing trend (CL5) and two rising trends with a reversal in the 1970s and the 1990s (CL1
and CL3 respectively), the COFUST algorithm identifies two additional trends corresponding to the
calorie consumption of CL4 and CL6. The former, despite the substantial growth in the first four
decades, started to slow down and lag behind CL2 in the early 2000s, and the latter is characterised by
a cyclical fluctuation. Thus, CL4 represents a unique group of countries (more precisely a population
segment) that can be labelled as once being the most calorific but has shown signs of stabilising calorie
consumption since 2000 that is indicative of the transition to Pattern 5 of the NTM. Another feature
standing out from Figure 7.27a is the convergence among dietary trends. Specifically, the calorie
consumption of CL2 and CL4 has become increasingly similar over the past 50 years and both approach
3,000 kilocalories in 2013. CL5-6, departing from two distinct levels of calories in 1961, have bridged
the gap and end up being the least calorific clusters in 2013 at roughly 2,400 kilocalories.
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Figure 7.27 Weighted average daily per capita calories, 1961-2013 (𝑲 = 𝟔 and 𝜷 = 𝟎. 𝟗).
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For the purpose of comparison, Figure 7.27b shows the trajectories of calorie consumption by
six clusters obtained by the non-spatial time series clustering algorithm in Chapter 6. Overall,
considering the spatial proximity in the clustering procedure exerts a more profound influence on the
level of the trajectories than the direction. In other words, the shape of the trajectories is comparable in
both panels (a) and (b) of Figure 7.27, however, the most markedly recognised feature from panel (a)
is not merely the existence of varying dietary trends but that these trends are converging on distinct
levels of calories. Why is the picture of convergence less noticeable in panel (b)? The ‘Trend analysis’
in Chapter 6 seeks to identify clusters based on the dependence among the original time series and
therefore the clusters in Figure 7.27b are dissimilar in the evolution of calorie consumption (say
upward/downward direction, growth rate, turning point) due to the strong influence of the trend
component. For the ‘Spatial trend analysis’, the spatial information adds some emphasis on the level
(“richer countries tend to exhibit higher levels of calories”) and this is further translated into converging
patterns. Hence, the ability to embed the information on the level of calorie series is a virtue.
Nevertheless, the main advantage of the spatial clustering algorithm over the non-spatial
procedure is the ability to account for the environment conditions of food consumption. The identified
clusters not only show similarity in the calorie trajectories but also share homogeneous contextual
factors for dietary behaviour. Understanding these factors could assist the design and implementation
of policies for better diets. This is an important task as the conditional beta convergence predicts that
countries with similar structural parameters would eventually converge on the same level of calories.
Among the six clusters identified in Figure 7.27a, CL4 (the green line) is of particular interest since it
is the only cluster that has shown signs of stabilising calories over the past 15 years. Next, this analysis
examines how the countries characterised by CL4 are like in terms of development indicators.
The six clusters are profiled against a range of structural variables. Table 7.9 presents the
weighted average values over the period 2000-2013 obtained using the fuzzy membership degrees of
countries belonging to the clusters as weights. Countries associated with CL4 tend to have higher
potential for agricultural production (shown by the largest percentage of arable land) and higher
agricultural labour productivity (measured by agricultural value per worker). Regarding urban
development, CL4, being the most urbanised cluster, at the same time has the lowest density urban
areas. Despite the general consensus that the more urbanised a country the more ‘Westernised’ its
dietary patterns, the finding presented in Table 7.9 seems to suggest that urban density matters. As
argued by Cockx et al. (2019), living in a higher density area is associated with a profound shift from
traditional diets towards increased consumption of readily prepared and processed foods. Since CL4 is
the unique cluster showing the behavioural changes for a better diet, one would expect this cluster to
have the better health status. As can be seen from Table 7.9, the population segment represented by
CL4 indeed lives longer and healthier than any other cluster, denoted by the highest life expectancy and
health adjusted life expectancy (HALE). Furthermore, they tend to be better educated and associated
with higher rates of Internet usage. Overall, these findings confirm the importance of improved
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education and access to knowledge since the behavioural changes characterised by the shift to Pattern
5 of the nutrition transition model only apply for the group of more educated and health-aware
individuals.
Of perhaps the more worrisome concern is CL2 (represented by the purple line in Figure 7.27a)
which has overtaken CL4 to be the most calorific cluster since 2003. While it might seem intuitive to
relate this rise in calorie consumption of CL2 with accelerating obesity rates, one should not forget the
other side of the equation. That is, the increase in calorie consumption of CL2 since 2003 beyond that
of CL4 could be explained by the rising demand of calorie expenditure via physical activities. CL2
includes China that has a large portion of the population participating in agriculture, fishery and
manufacturing activities and these jobs require more calories than the Westernised economies in Europe
and Northern America (CL4).
As shown in Table 7.9, CL2 shares several similar characteristics with CL4, including high
agricultural labour productivity, high degree of urbanisation, high life expectancy, high proportion of
Internet users, and high educational attainment rate. The distinguished feature of this cluster is the
smallest percentage of arable land. The low capacity for agricultural production has made CL2 become
more reliant on international food trade, and therefore more susceptible to the inflow of calorie-dense
foods that are usually high in fat, salt, sugars and in processed forms. As the option of farming more
land is limited in most countries, the emphasis should be placed on increasing agricultural productivity
and raising crop yield.
Table 7.9 Profiling of clusters by development indicators over the period 2000-2013.
Variables

CL1

CL2

CL3

CL4

CL5

CL6

Arable land (%) ***

16.4

14.8

15.1

16.9

16.4

16.3

16,393.3

17,045.3

7,179.2

20,738.3

11,683.9

12,235.0

51.3

61.0

52.8

61.0

48.0

42.1

35.3

31.7

31.9

29.8

33.5

35.7

62.9

71.1

66.3

71.7

63.9

60.4

HALE (years at birth) ***

56.0

62.7

59.2

63.4

56.9

53.9

Years of schooling ***

6.2

7.8

6.7

7.9

7.1

6.3

Internet users (%) ***

17.1

28.1

14.9

29.5

17.6

15.9

Agricultural value per worker
(2010 US$) ***
Urban population (%) ***
Population in the largest cities
(% of urban population) ***
Life expectancy (years at birth)
***

Note: Weighted percentage and weighted mean are reported. Repeated measures ANOVA test is used to determine
whether the weighted mean value significantly differs among the clusters.
*, ** and *** denote statistical significance at the 10%, 5% and 1% level, respectively.
Data are retrieved from the World Bank (World Bank 2020e).
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Spatial fluctuation analysis
Figure 7.28 summarises values of the FS index calculated for the number of clusters 𝐾 ranging from 2
to 10 and for 𝛽 from 1 (no spatial information) to 0.5. The range of values for 𝛽 is motivated by the fact
the influence of the spatial information in the clustering procedure would be overestimated for a lower
𝛽 value (from 0.4 to 0) (Disegna et al. 2017). The trajectories of the FS index give indications of the
optimal number of clusters 𝐾 – where the FS reaches its peaks. It is clear from Figure 7.28 that the FS
value increases quickly as the number of clusters rises and all FS trajectories peak up at 𝐾 = 10
regardless of the 𝛽 value. This behaviour seemingly suggests the best partition is 𝐾 = 10, however
implies that the ‘Spatial fluctuation analysis’ could not arrive at any final cluster solution. The
monotonic rising behaviour of the FS index indicates that it would likely to go up if the maximal number
of clusters is not restricted to 10. This result is surprising given the meaningful clustering results from
the ‘Fluctuation analysis’ in Section 7.4.1, and there are reasons to believe this reflects more of a
technical problem related to the performance of the COFUST algorithm than implications for food
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Figure 7.28 Values of the Fuzzy Silhouette index for each cluster partition for K varying from 2
to 10 and β from 1 to 0.5 (Spatial fluctuation analysis).
252

To recap, the ‘Spatial fluctuation analysis’ aims to detect groups of countries that exhibit common
deviations from the trend whilst being spatially close. The input information is a combination of the
dependence among detrended time series (pre-filtered data) and the spatial information. As the spatial
information is the same for both ‘Spatial trend analysis’ and ‘Spatial fluctuation analysis’, the
deficiency of the latter should be attributed to the dependence among detrended time series. As a matter
of fact, this dependence measure was shown to be very weak since the pairwise Kendall’s correlation
figures are close to zero (Figure 7.3). Apparently, the pre-filtering step transformed the original data
into stationary time series which likely exhibit random patterns regarding the temporal variation. It is
therefore more difficult to identify a common structure in the pre-filtered data than the original data,
and introducing the spatial information appears to add further complication. In the original paper, the
authors of the COFUST algorithm (Disegna et al. 2017) recommend decomposing the original data and
utilising only the residuals in the clustering task. The purpose is to avoid any overwhelming influence
of seasonality inherent in tourism data. As tourism demand can exhibit substantial variations from one
month to the next due to seasonal effects, it is possible to observe some common patterns of deviations
from the trend (as represented by the residuals of the decomposed time series). In this study, annual
data are employed and as a matter of fact the total caloric consumption figure does not alter significantly
from one year to the next, resulting in minor deviations from the trend and decreasing the likelihood of
common patterns existing.
These findings demonstrate that the trend is the most important component of food
consumption data and removing it would result in a loss of critical information including the common
dietary evolutions (i.e. how calorie consumption series behaved throughout the period). Without such
information, it is not possible to identify a common structure in the data even after considering the
spatial relationship among countries.

7.5

Chapter conclusion

This chapter aims to ascertain the similarities among national diets by the means of cluster analysis.
First, an innovative copula-based time series fuzzy clustering algorithm is employed. Fuzzy clustering
is an attractive technique since it allows the possibility that individuals within a country do not consume
the same diet and therefore several diets/dietary trends coexist within a single country.
The clustering algorithm is performed on the observed series (‘Trend analysis’) and the
detrended series (‘Fluctuation analysis’). The former returns clusters of countries with common
evolutions in calorie consumption whereas the latter groups countries with similar deviations from the
trend. ‘Trend analysis’ successfully identifies a predominant trend – rising calorie relentlessly over time
and a minor but ineluctable trend experienced by the minority of the global population – decreasing
calorie consumption. In particular, increasing the number of clusters reveals a unique cluster that has
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shown indications for the shift from Pattern 4 to Pattern 5 of the nutrition transition. This is the only
cluster whose calorie consumption has stabilised over the past 15 years. On the other hand, clustering
results from ‘Fluctuation analysis’ are more nuanced. Five clusters are identified corresponding to five
distinct dietary types, namely ‘Western diet’, ‘Traditional diet’, ‘Mediterranean diet’, ‘Tropical diet’
and ‘Vegetarian diet’. These clusters however do not differ significantly in the behaviour of the
weighted calorie series and all show a rapid rising tendency over the past half a century. Further
evidence indicates a decline in the healthiness of these dietary types and that all clusters demonstrate
the replacement of carbohydrates for fat that is indicative of the nutrition transition.
Acknowledging that the dietary changes described by the nutrition transition include both
quantitative and qualitative aspects, the utilisation of original data and pre-filtered data in cluster
analysis helps to uncover patterns related to quantities and composition of calories. Not all calories are
created equal. While the four dietary types other than the ‘Western diet’ has continuously increased
their calorie content mostly from higher energy-dense diets with greater roles of fat as well as foods of
animal origin and processed forms, the most calorific ‘Western diet’ has slightly reduced the calorie
consumption itself. Perhaps such behavioural changes might arise as a unique segment of the population
has switched to adopt a healthier dietary style from one of the remaining clusters.
Given the pessimistic picture of worsening dietary quality, what are the implications for health?
The results show that even though we are living longer we are not necessarily living healthier. The
evidence provided in this study sends a strong message to policymakers: the existing efforts are not
adequate in reverting the slumping diets that are observed worldwide.
The second part of the empirical study adds in the spatial context and aims to identify
agglomerations of countries characterised by similarities in patterns of food consumption while
countries in the same cluster are close in the sense of economic development. The innovative Copulabased Fuzzy K-Medoids Space-Time clustering algorithm (COFUST) is applied. In order to assist the
selection of the final partition, the Generalised Fuzzy Moran index is utilised to select the spatial
coefficient that maximises the spatio-temporal autocorrelation among post-cluster units. The space-time
clustering algorithm is performed for actual data (‘Spatial trend analysis’) and pre-filtered data (‘Spatial
fluctuation analysis’). In the latter case, the inspection of the Fuzzy Silhouette plot reveals no natural
common patterns in the data. This finding confirms that the trend is the most important component of
food consumption data and de-trending removes some critical information regarding the common
dietary evolutions.
The ‘Spatial trend analysis’ identifies two, four, and six clusters. The interpretation of cluster
membership degree shows that including the spatial information, even though does not force the final
clusters to be made solely by countries of similar income levels, influences the clustering results
dramatically. Several cluster medoids change; therefore, policy targeting strategies will differ
depending on whether to include the spatial information or not. The evolution of calorie trajectories
reveals a clearer picture of convergence than the non-spatial algorithm. The COFUST algorithm still
254

identifies groups of countries with similar dietary evolutions; yet, the ability to embed the information
on the level of calorie series is a virtue. Another key advantage of the ‘Spatial trend analysis’ over the
‘Trend analysis’ is the ability to identify clusters which are homogeneous in the structural conditions
of food consumption. The obtained clusters are profiled against a range of development indicators and
evidence suggests that only the segment of more educated and health-aware populations exhibits the
behavioural changes towards better diets. This finding emphasises the importance of improved
education and access to knowledge that are crucial in raising nutrition awareness of populations.
However, this study is not without limitations. First, the FAO’s Food Balance Sheet data should
be interpreted as food available for human consumption rather than food consumption as food waste is
not accounted for. This kind of ‘apparent consumption’ data tends to mask other issues such as
undernutrition and hunger that often coexist with overnutrition. Second, the COFUST algorithm returns
clusters to which the membership proportions of a country are fixed, and it is not feasible to identify
countries that switch the membership degrees between clusters. If future study could accommodate
cluster-switching behaviour, it would be able possible to uncover countries whose diets have become
better over time. Third, the logic of pulling some countries into the same cluster (say Ghana, the UK
and Finland in CL2 regarding the Trend analysis) is not obvious. Even though this odd cluster might
reflect the existence of a group of consumers with similar tastes for calories across countries, it could
just be the algorithm identifying similar patterns spuriously. Next, traditional spatial measure (say
geographical distance) is static but economic proximity measure (say income) is dynamic. Future
research could deal with the situation in which the spatial information varies over time. Finally, income
is considered as the only proximity in this analysis whilst other factors (for instance, education level,
weather condition, common spoken language, etc) may contribute to the similarities in diets around the
world as well. In future research, these measures could be simultaneously embedded into the clustering
procedure as different levels of proximity.
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Chapter 8

Discussion and conclusion

8.1

Chapter introduction

According to the World Health Organisation (WHO), the prevalence of obesity has nearly tripled
worldwide since 1975 (WHO 2017a). Such is the extent of the problem that even in countries where
undernutrition and infectious diseases are prevalent, obesity and overweight have become issues of
pressing public policy concern (Popkin et al. 2020). Notwithstanding the interplay of multiple factors
ranging from genetic predisposition to environmental influences that contribute to weight gain (Ralston
et al. 2018), dietary changes represent a major driver of these disturbing weight trends (Hawkes et al.
2017). Against this backdrop, the aim of this research is to analyse the evolution of global patterns of
food consumption over the past half a century. Specifically, the focus lays on the identification of
different dietary trends as well as dietary types and the consequences that they imply for obesity and
global health.
After setting out research background, research motivations and research questions in Chapter
1, this thesis starts with a literature review on the nutrition transition and the associated dietary
convergence (Chapter 2). Critical developments of the nutrition transition model (NTM) are pointed
out and a clear emphasis is placed on the nutrition transition which refers to the shift from traditional
diets towards the ‘Western’ diet rich in fat, sugars, meat and processed foods but low in fibre, and
accompanied by increasingly sedentary lifestyles (Pattern 4 of the NTM). Of paramount interest is the
shift to Pattern 5 of the NTM where individuals, realising the high burdens of the highly calorific diet
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in Pattern 4, change back to healthier diets. However, so far Pattern 5 remains hypothetical and any
evidence for the existence of such behavioural changes is needed to assist policy implementation. While
drivers for the nutrition transition are manifold and often involve a wide range of economic, social, and
cultural factors, the impacts of underlying global forces such as globalisation, rising income,
urbanisation, and female participation in the labour force are well documented in the literature. As a
manifestation of the nutrition transition, global diets are predicted to be more similar as countries
develop and become further globalised. The second half of Chapter 2 reviews empirical evidence for
the increasing similarity in food consumption patterns across national borders. Despite a number of
previous research attempts exploring convergence in the consumption of calories and certain food
groups, studies on this topic are dated, mainly focus on developed countries, and only few studies make
connection to the nutrition transition literature. Some authors examine food consumption patterns at the
global level; yet, formal convergence tests are generally missing.
Chapter 3 presents a review of the literature on cluster analysis – a data exploratory technique
that organises units into homogeneous groups (clusters) so that the within-cluster dissimilarity is
minimised whilst the between-cluster dissimilarity is maximised. The review covers various clustering
methods for static data and data that vary across time or/and space. In terms of defining cluster boundary,
clustering technique can be either crisp or fuzzy. Crisp clustering methods assign units into nonoverlapping clusters, whereas fuzzy clustering allows overlapping clusters so that units can belong to
multiple clusters with varying degree of membership between 0 (absolutely does not belong) and 1
(absolutely belongs). There is an overview on spatial clustering which requires units included in a
cluster to be not only similar to each other but also spatially close. A later section of Chapter 3
demonstrates the usefulness of cluster analysis in food economics by summarising relevant previous
studies. From this arise a number of research gaps to be explored. Even though food consumption data
often vary temporally, the time dependent nature of the data has not been appropriately addressed in the
clustering procedure. Next, the relationships between environment, food consumption and health are
embedded in a spatial context; nonetheless, previous studies have largely neglected the role of the space,
which can assist the selection of the final cluster solution.
Chapter 4 discusses methods of quantifying diet quality focusing on pre-defined diet quality
indices. Aiming to quantify the degree of adherence to a particular dietary guideline, diet quality indices
can be classified into: (i) those based on national/international nutritional recommendations and (ii)
those based on the Mediterranean diet. Revisiting the methodology for index development, it is shown
that the arbitrariness entailing the selection of components to be included in the index, the cut-off values
for each component, and the weights assigned to each component, can explain many similarities and
differences among existing indices. Whilst these indices (and the adapted versions) have been
increasingly used to assess the association between the quality of diets and risk of various health
outcomes, their predictive capacity is generally comparable. In this research, the world’s diets are first
defined by cluster analysis, and a pre-defined diet quality index is then exploited to measure the
257

healthiness. Particularly, the Mediterranean Adequacy Index (MAI) is selected based on data
availability, its construction characteristics and numerous advantages shown in previous studies.
Chapter 5 provides a description of the Food Balance Sheet (FBS) data and depicts various
trends regarding the caloric consumption and the dietary composition over the past 50 years. These
include a steady rise in food availability worldwide, a robust increase in fat and energy contribution of
vegetable oils and meat, but a plummet in the contribution of cereals and starchy roots – all of which
can be characterised by the nutrition transition. Chapter 5 also describes some past trends regarding the
rising prevalence of obesity which no country, region, income group or gender is immune to, and offers
interesting insights into the positive correlation between caloric consumption and economic status.
Chapter 6 examines the dietary convergence in the light of beta and sigma convergence methods
using global data, estimates the speed of convergence and probes into the role played by income. The
spatial component is introduced, and empirical analysis is carried out to assess whether adding a spatial
dimension improves the results of convergence analysis or not. In order to ascertain the similarities of
diets across countries, Chapter 7 employs innovative time series and space-time clustering algorithms.
The clustering results uncover several dietary trends and dietary types around the world. The relevance
of the empirical findings discussed in Chapter 6 and Chapter 7 will be elaborated in the next section.
Having summarised the purpose and content of the preceding chapters, the rest of this chapter
proceeds as follows. Section 8.2 presents a summary of the empirical results. Section 8.3 and Section
8.4 respectively consider the value this research contributes to policy implementations and the existing
literature. Section 8.5 points out limitations of this study and Section 8.6 suggests potential venue for
future research. Section 8.7 concludes with final remarks regarding the significance of this research.

8.2

Summary of key findings

Despite being thoroughly discussed in Chapter 6 and Chapter 7, the empirical findings are reviewed
subsequently in line with the proposed research objectives.
Research objective 1: Dietary convergence
The first research objective is to test for the convergence in global patterns of food consumption and to
measure how the convergence process is influenced by structural factors. This research examines per
capita daily calories available for consumption (food availability) data for 118 countries over the period
1961-2013 using sigma and beta convergence methodologies.
Sigma convergence refers to a narrowing dispersion of calories across countries over time,
which is assessed via the coefficient of variation. Beta convergence refers to the phenomenon that
countries with higher initial levels of calorie consumption experience slower rates of calorie growth
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than those with lower initial levels (the “catching-up” effect). This type of convergence is assessed by
the sign and statistical significance of the beta coefficient in the econometric model regressing the
calorie growth rates over a period of time on the initial level of calories. Beta convergence can be
unconditional or conditional. Unconditional beta convergence assumes that countries eventually
converge to the same global steady state equilibrium, and it is shown by a negative association between
average growth rates and initial calorie levels even if no other explanatory variables are included in the
model. Conditional beta convergence argues that convergence occurs only if the structural conditions
are identical and that each country approaches its own unique equilibrium. Countries with the initially
low level of calories do not necessarily exhibit higher growth rates of calories, but countries that are
further from their own steady-state level exhibit faster growth.
Results of sigma convergence reveal a reduction in the coefficient of variation of calorie
availability over the past half a century that is indicative of sigma convergence. However, the decline
in the coefficient variation is uneven with a break in around 1998. The period 1999-2013 is characterised
by strong sigma convergence whereas the pre-1998 period by both convergence and divergence.
Regression results of unconditional beta convergence model report a significantly negative beta
coefficient, implying that countries with lower levels of initial calories tend to exhibit higher growth
rates of calorie consumption. Countries bridge the gap between the current levels of calories and the
global steady-state levels by on average 1.6% annually.
But is this convergence process homogeneous across countries? To demonstrate how economic
development could influence countries to converge on a path to different steady-state levels (“club
convergence), the study sample is divided into low-, lower-middle-, upper-middle- and high-income
countries. Dummy variables with high-income countries being the reference category were included in
the beta convergence model. All dummy coefficients are significantly negative, suggesting that
countries in the long run converge to different growth rates of calories which tend to be higher for highincome countries than for lower-income countries. What about the rate of convergence? Adding
interaction terms (dummy variable multiplied by the initial level of calories) in the model shows that
low-income countries are converging at the fastest pace and the rate of convergence reduces as income
rises. Specifically, low-income countries converge at an annual speed of 4.1% whereas high-income
countries converge at 3.1% per annum.
A conditional beta convergence model was specified by incorporating structural parameters
that are considered driving forces behind dietary changes. These variables include arable land (% of
land area), GDP per capita growth, urban population (% of total population) and female labour force
participation rate. After controlling for these variables, the beta coefficient is still significantly negative.
Results of conditional beta convergence confirm positive effects of arable land, income growth and
urban population on the calorie growth rate but negative effects of female employment. The latter could
be explained by the improved health awareness and better nutritional knowledge thanks to higher levels
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of education and training for women. In addition, the magnitudes of the coefficients point to rising
income being the most influential determinant of dietary changes.
Due to the break in the coefficient of variation, the beta convergence was examined by splitting
the data into two sub-periods 1961-1998 and 1999-2013. The unconditional beta convergence
specification reveals a faster convergence process for the past 15 years, and when income dummies are
included in the beta convergence equation neither the dummy variables nor their interaction terms with
the initial calorie level are significant in the latter period. Thus, income plays an important role in the
early stage of dietary convergence. When national incomes reach a certain threshold, income alone
cannot explain the path countries are converging to different steady-state levels. When the conditional
beta convergence specification is applied, a less robust convergence process is reported in the latter
period. The annual rate of convergence (1.82%) is much lower than in the former period (3.18%).
Perhaps the structural parameters are closer to their steady states during the last decade and as a result,
countries are converging to their own equilibrium levels of calories at a slower speed. Regarding the
structural parameters, agroecological, social and demographic indicators exert a stronger impact in the
initial period, however, economic factors have become a more important determinant of the dietary
convergence since the Millennium.
Research objective 2: Dietary trends
The second research objective is to identify common dietary trends and dietary types around the world.
As the convergence analysis signals convergence in the calorie availability across national borders,
cluster analysis was employed to ascertain the similarities among national diets. An innovative copulabased time series fuzzy clustering algorithm was applied. Fuzzy clustering allows the possibility that
individuals within a country do not consume the same diet and therefore several diets/dietary trends
coexist within a single country. To reveal the twin aspects of food consumption, the clustering algorithm
was performed on the observed time series (‘Trend analysis’) and the detrended series (‘Fluctuation
analysis’).
The ‘Trend analysis’ detects clusters of countries with common evolutions in calorie
consumption representing common dietary trends among 118 countries. Regardless of the number of
clusters, ‘Trend analysis’ detects a predominant trend – monotonic rising calorie consumption which is
experienced by the majority of the global population and another trend which is minor but ineluctable
– reducing calorie consumption. Increasing the number of clusters enables the largest cluster to be split
up into smaller clusters which can be described as rising trends with a reversal, albeit to varying extents.
Particularly, the six-cluster solution reveals a unique cluster representing about 10% of the world
population whose diet, despite its historically highest level of calorie consumption, is the only one which
did not become more calorific over the past 15 years. For this cluster, the stabilisation of calorie
consumption shows evidence of progressing beyond Pattern 4 of the nutrition transition. Importantly,
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such a behaviour is largely attributed to the lower consumption of less healthy foods (such as animal
fats, sugar and milk).
On the other hand, the ‘Fluctuation analysis’ detects groups of countries with similar deviations
from the trend and the results are more nuanced. Although the algorithm solely utilises the information
on the variation of calorie consumption, the obtained clusters match neatly with distinguished
nutritional composition of diets. Five identified clusters are labelled corresponding to five distinct
dietary types, namely ‘Western diet’, ‘Traditional diet’, ‘Mediterranean diet’, ‘Tropical diet’ and
‘Vegetarian diet’. Nonetheless, these clusters do not vary much in either the behaviour of the weighted
calorie series, and all of them show a rapid rising tendency over the past 50 years. Further evidence
indicates a decline in the healthiness of these dietary types (as measured by the MAI) and that all clusters
demonstrate the replacement of carbohydrates for fats that is indicative of the nutrition transition.
Research objective 3: Incorporating a spatial dimension
The last research objective is to probe into the role of the space on dietary convergence and dietary
changes. To account for both conventional and non-conventional measures of the space, three proxies
for spatial relationship were exploited: (i) geographical distance, (ii) geographical contiguity, (iii)
economic contiguity. The proposal of an economic proximity measure (average GDP per capita during
1970-2013) points to income level (rather than geographical closeness) that is driving the similarities
in global diets. The Global Moran’s I test of spatial dependence shows that economic proximity is the
only to yield significant and positive spatial autocorrelation. In other words, countries with similar
income levels tend to also have similar diets. However, as indicated by the Local Moran’s I statistics,
the calorie content of a country is not always in line with its neighbours (in this context neighbours
should be interpreted as countries of the same development level). Thus, income is an important
predictor for the (dis)similarities among diets globally, but other factors such as migration,
heterogeneous consumer tastes and socio-cultural influences might explain local deviations from the
global patterns.
Since theoretically it has been shown that ignoring the spatial dependence can cause biased
OLS estimators, it is important to account for this phenomenon in the beta convergence model. The
spatial diagnosis LM tests confirm positive spatial autocorrelation among the error terms in the
unconditional beta convergence model and posit that the spatial dependence stems from unmodeled
country-specific factors (national effects) rather than spill-overs. As shown in Table 8.1, the alternative
spatial model reports the annual convergence speed of 4% and that it takes about 17 years for countries
to eliminate half of the current disparity with the steady state. Compared to the non-spatial unconditional
beta convergence model, the consideration of spatial interactions leads to a convergence process that is
about three times as fast. These findings confirm that countries are open to a range of demographic and
exhibit spatial proximity in dietary convergence.
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Results of the spatial conditional beta convergence model point to spatial autocorrelation in
terms of spill-overs. The inclusion of spatial effects reveals a slightly faster convergence process at an
annual speed of 4.4% as compared to 3.99% obtained from the non-spatial model. Particularly, the
negative sign of the spatial autoregressive parameter demonstrates negative spill-over feedback effects
which might imply behavioural changes due to the adverse health consequences of the highly calorific
diet. Hence, being surrounded by countries with substantial growth rates of calories negatively affects
the country’s own growth rate.
The existence of spatial dependence in calorie consumption was also investigated for two subperiods 1961-1998 and 1999-2013. The Global Moran’s I statistic becomes insignificant for the latter
period in either unconditional or conditional beta convergence model, rejecting the possibility of spatial
interactions. Here, the influence of other countries might still be strong over the past 15 years but not
confined to countries within the proximate “neighbourhood”. Regarding the former period 1961-1998,
the inclusion of spatial interactions influences the results of unconditional beta convergence greatly.
This is evident in the more robust convergence process with the annual convergence speed
approximately three times as fast (1.15% versus 3.18%) and a half-life measure about three times
smaller (22 years versus 60 years). The effects of spatial interactions on the conditional beta
convergence however are less significant. Both non-spatial and spatial models indicate an annual
convergence speed of slightly above 3% and it takes roughly 21 years to eliminate half of the current
disparity with the steady state.

Table 8.1 Comparing convergence speed: with and without spatial effects.
Period

Without spatial effects

With spatial effects

1.63

4.00

(42.64)

(17.3)

1.15

3.18

(60.05)

(21.81)

1.84

1.85

(37.59)

(37.52)

3.99

4.40

(17.37)

(15.74)

3.18

3.41

(21.82)

(20.31)

1961-2013
Unconditional beta
convergence

1961-1998

1999-2013

1961-2013
Conditional beta
convergence

1961-1998

1.82

1999-2013

(38.09)

-

Note: Convergence speed per year (in %) is reported. Half-life measures are inside parentheses.
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Does the spatial relationship influence the clustering results? The innovative Copula-based
Fuzzy K-Medoids Space-Time clustering algorithm (COFUST) was applied to identify agglomerations
of countries characterised by similarity of patterns in food consumption whilst countries in the same
cluster are close in terms of economic development. Similar to the non-spatial model, the space-time
clustering algorithm was performed for observed time series (‘Spatial trend analysis’) and detrended
series (‘Spatial fluctuation analysis’).
The ‘Spatial trend analysis’ identifies two-, four-, and six-cluster solutions. In any case, the
interpretation of cluster membership discloses that the inclusion of spatial relationship, though does not
force the obtained clusters to be made solely by countries of similar income levels, affects the clustering
results dramatically. Table 8.2 demonstrates the alteration of several cluster medoids and further
analysis shows a clearer picture of convergence among the weighted average calorie trajectories. The
obtained clusters were profiled against a range of development indicators and results suggest that only
the segment of more educated and health-aware populations exhibits the behavioural changes towards
better diets.
Regarding the ‘Spatial fluctuation analysis’, the inspection of the Fuzzy Silhouette plot
indicates no common patterns in the data, i.e. the algorithm does not identify any meaningful cluster
solution. This finding confirms that trend is the most important component of food consumption data
and de-trending removes some critical information related to common dietary evolutions.
Table 8.2 Comparing clustering results: with and without spatial effects.
Cluster solution
𝐾=2

𝐾=4

𝐾=6

Without spatial effects

With spatial effects

China (93.7)

Honduras (55.1)

Zimbabwe (6.3)

Trinidad and Tobago (44.9)

China (73.8)

Germany (50.5)

Ghana (13.4)

Namibia (2.5)

Iraq (8.6)

El Salvador (43.8)

Zimbabwe (4.2)

Zambia (3.2)

Angola (3.2)

Angola (3.7)

China (63.4)

China (55.6)

France (14.6)

Germany (15.6)

Ghana (9.7)

Iran (21.1)

Iraq (6.1)

Zambia (1.4)

Zimbabwe (3.0)

Zimbabwe (2.6)

Note: Only clustering solutions for ‘Trend analysis’ and ‘Spatial trend analysis’ are reported.
The figures inside parentheses denote cluster size in terms of weighted global population.
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8.3

Policy implications and recommendations

The abovementioned findings have both academic and societal impacts. The key conclusions that are
relevant for policymaking purposes are highlighted as below.
The world is eating badly
More advanced data analysis techniques enable us to improve the understanding of what people eat and
why it matters for global health. Of great concern is the finding that 90% of global population appears
to be on a trajectory path of consuming an ever-increasing more calorific diet with little evidence of a
slowdown. Extrapolating from the past trends, the largest cluster would likely to become also the most
calorific cluster in ten years’ time. The calorie content of such a diet is accelerating, as are overweight
and obesity. As this cluster is predominantly represented by populated countries such as China, the
United States, Brazil, India, and Indonesia, the dire prediction that “a third of the global population will
be overweight or obese by 2030” is consistent with the findings presented in Chapter 7 (Global Panel
on Agriculture and Food Systems for Nutrition 2016). Given the dietary origin of obesity, the unceasing
rise in calorie consumption acts as a ‘canary in the coal mine’ for predicting the looming obesity crisis
in populations with hitherto lower rates, for example Indonesia and India.
An important finding is that not only we are consuming more calories than 50 years ago, but
we are deriving a lower proportion of these calories from cereals or carbohydrates and more from fat.
The obesity problem has both quantity and quality dimensions. As the move from plant-based to animalbased foods is evident for all dietary types, dietary healthiness has deteriorated with no exceptions.
Even though the declining rate is most rapid for the seemingly least healthy diets, the historical
experience of developing countries suggests that the unhealthy “Westernisation” of diets can, if
unchecked, “proceed rapidly and irreversibly” (Raghunathan et al. 2021).
The message is clear: the world is eating badly, and this can pose a significant threat to
achieving nutrition targets and “ending malnutrition in all forms”. Thus, current attempts to improve
diets are obviously inadequate and existing efforts need to be redoubled. Ambitious and transformative
nutrition commitments, especially those that are specific, measurable, achievable, relevant, and timebound (SMART), need to be renewed and expanded, and their accountability needs to be regularly
rechecked by an international system of governance.
Good health is not possible without good nutrition
Given the pessimistic picture of worsening dietary quality worldwide, this study provides a clear-cut
evidence that diets consumed by the majority of global population are inadequate for good nutrition. In
line with previous research (Afshin et al. 2019; Willett et al. 2019), the results presented in Chapter 7
confirm that the nutritional content of the foods consumed reverberates into the health status of the
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population. Even though we are living longer, we are not necessarily living healthier. This sobering fact
resonates with the crucial role of diet quality in determining human nutritional status and demonstrates
how damaging the highly calorific ‘Western’ diet is to our body. The findings of this research lend
supports to the policy recommendation that nutrition must be fully integrated in health systems and
investments in nutrition should be prioritised, especially those targeting the communities most affected
by malnutrition.
While improving diets alone is not sufficient to stop malnutrition, it is a necessary condition
for reducing disability and death from malnutrition. In fact, healthy diets have been recommended as
“double-duty” actions to tackle both under- and over-nutrition (Hawkes et al. 2020). In the era of
COVID-19, poor diets pose almost an equal threat to life as cancer or old age, and the high rates of
obesity and diet-related diseases contributed to the UK's appalling death rate (National Food Strategy
2020). The pandemic reminds us that strong immunity and resistance to communicable diseases
originates from healthy diets (Dupouy and Gurinovic 2020). It is more critically important now than
ever to promote good nutrition and sound well-being to populations, starting with the promotion of
healthy and nutritious diets.
How to define a universal healthy diet is an important stepping stone towards this goal, yet it
remains the utmost challenge owing to the different nutritional needs of people determined by age,
gender, disease profiles, and physical activity levels. To address this problem, the EAT-Lancet
Commission developed a global reference diet based on the best evidence available on foods, dietary
patterns and health outcomes (Willett et al. 2019). Nonetheless, this diet is shown to be unaffordable to
at least 1.6 billion people in the world (Hirvonen et al. 2020). Even more disheartening is the conclusion
that nutrient-adequate diets are out of reach for the poorest (Bai et al. 2021). Economic growth is thus
needed for a larger proportion of the populations to afford more nutritious foods. All stakeholders,
including governments and businesses, need to take more concerted action to ensure food systems and
food environments are delivering healthy diets that are affordable, accessible, and desirable for all.
Diets and dietary changes: one size does not fit all
Although there is increasing scientific consensus over the convergence of national diets onto the
Western-style diet, this research demonstrated that diets and their trends are very heterogenous.
Statistical evidence supports the presumption of converging caloric consumption, however, results of
convergence analysis showed that the convergence process is not uniform across countries. Instead,
countries at different stages of economic development experience the paths towards distinct levels of
calories and at varying speeds. While diet monitoring is equally vital in every nation, the findings
presented in this research call for scrupulous attention to low-income countries at the early stage of
development as they exhibit the most worrying trends. Overall, dietary convergence is best described
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as the tendency of diets becoming more similar to rather than converging onto a single international
norm.
Hence, an important policy implication is to discourage overly prescriptive global-level policies
which may not be effective in some countries and populations. The design, development and
implementation of healthy diet promoting programmes should be context specific. For this purpose, it
is useful to scrutinise and understand the structural development parameters that facilitate the dietary
shift. Some influential indicators include resource availability, rising income, globalisation, food trade,
urbanisation, and female employment. Understanding these factors better can offer clear and specific
guidance to policymakers on effective evidence-based policies (Hawkes et al. 2013).
Take the case of results from the space-time cluster analysis in this research. To elucidate the
differences in environment conditions of food consumption between clusters, the identified clusters
were profiled against a range of agroecological, demographic and socio-economic characteristics.
Despite several similar characteristics between the largest cluster and the so-called ‘Western diet’
cluster, the former has overtaken the latter to be the most calorific since 2003 and is thus worth
scrutinising. It is noted that this largest cluster is associated with the lowest percentage of arable land
(representing resource availability). The low capacity for agricultural production makes this cluster
become more dependent on international food trade, and as a result more susceptible to the inflow of
calorie-dense foods that are high in fat, salt, sugars and in processed forms. Policies aimed at improving
the diet consumed by this cluster would not make sense unless the issue of limited availability of
agricultural resources is addressed. As the option of farming more land is not viable in most countries,
policy interventions should be placed on increasing agricultural productivity and raising crop yield.
Healthier diets are at least possible
A key advantage of using longitudinal data is the ability to explore various dietary trends and to assess
how diets have changed over time. Results of the innovative time series cluster analysis reveal a unique
cluster representing about 10% of the world population whose diet, despite its highest historical level
of calorie consumption, is the only to not become more calorific over the past 15 years. For this cluster,
the stabilisation of calorie consumption shows evidence of progressing beyond Pattern 4 of the nutrition
transition model. Furthermore, it was found that the behavioural change has been largely attributed to
the reduced consumption of less healthy foods such as animal fat, sugars, and milk since the Millennium.
This empirical evidence echoes the findings of previous research (Imamura et al. 2015; Bentham et al.
2020) regarding the shift towards decreased consumption of animal-sourced foods and sugar in many
high-income nations. The findings presented in this research therefore help to clear up the lingering
doubt about the existence of Pattern 5 by showing that the behavioural change towards healthier diets
is feasible.
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That said, for a “Great Food Transformation” to healthy diets by 2050, it is estimated that the
global consumption of healthy foods such as fruits, vegetables, nuts and legumes must be more than
doubled whereas the consumption of unhealthy foods such as red meat and sugars must be reduced by
more than half (Willett et al. 2019). These radical dietary shifts lend real urgency for the strategic
implementation and realisation of widespread, multi-sector, multi-level actions to change what people
are eating. Lessons from successes must be learnt and scaled up everywhere.
Since food choices are complex and are driven by numerous determinants at local, regional,
national and international levels (Benthem de Grave et al. 2020), policy interventions should focus on
factors that are shown to affect food consumption and dietary changes positively. For example, the
findings offered in Chapter 7 suggest that only the segment of more educated and health-aware
populations exhibits the behavioural changes towards better diets. These results bring to the fore the
importance of improved education and access to knowledge that are vital in raising nutrition awareness
of populations. Increasing educational level of population will lead to better nourished populations, as
established by Rippin et al. (2020).
Spatial interactions matter
It is evident that economically close countries tend to consume similar diets and tend to converge more
rapidly to similar levels of calories. Therefore, policymakers can obtain biased estimates of the speed
of convergence and arrive at incorrect conclusion if spatial interactions are neglected. Results of cluster
analysis vary substantially as observed in the changes of cluster medoids; therefore, policy targeting
strategies will differ depending on whether to consider the spatial relationship or not.
Undoubtedly, this research contributes to the ongoing debate on the need to take into account
spatial interactions among national food policies. The findings demonstrate that a random shock to a
specific country not only affects the growth rate of calories in the respective country but also diffuses
throughout the entire ‘neighbourhood’ because of the spatial dependence. Movements away from a
steady state equilibrium induced by a shock are not restricted to the corresponding country but apply to
a set of economically adjacent countries. The globalisation of food consumption is thus apparent.
On the same policy implication, the empirical evidence that dietary evolutions are spatially
dependent provides a basis for the development of group-specific interventions targeting populations at
risk of worsening diets. While these policy measures are often place-based, this study lays foundations
for the implementation of coherent food policies beyond geographical boundaries.
The relevance of spatial dimension cannot be overlooked especially when a measure of
economic proximity is adopted. As low-income countries become further developed, they may direct
their attention and efforts towards improving their infrastructure characteristics to a degree similar to
those of high-income countries. Since the convergence speed is augmented with spatial effects, two
countries with similar characteristics are expected to display greater interaction and would eventually
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converge to similar levels of calories. Although the economic disparities between poor and rich
countries might seem too wide to be bridged in the near future, the half-life obtained in Chapter 6 signals
that it will not be long until the world will be drowning in highly calorific unhealthy diets.
Convergence (or lack of) and spatial interactions may be useful to draw implications for policies,
but they could be the outcome of past policies (an example is given in Section 6.4.3). It is worth
emphasising that the current thesis is about highlighting the association between income growth and
food consumption, but it cannot offer much evidence in terms of causation owing to the limitations of
the data used. As countries develop and become further globalised and industrialised, their dietary
patterns become more similar across countries and tend to resemble the ‘Western’ diet. Taking the level
of economic development into account, the analysis reveals strong convergence of food consumption
during the first three decades under review but less so over the past two decades. The lack of
convergence (and spatial interactions) has important policy implications especially when the influence
of other countries might still be strong but not confined to countries within the proximate
‘neighbourhood’. As dietary patterns that are once characterised by wealthier countries are no longer
limited to the West, the detrimental effects of such diets for human health (including rising rates of
obesity) are spreading over the world. However, the relationship between income, food consumption
and obesity is difficult to disentangle from the range of other factors that might impact food choices
including but not limiting to food price, education background, and cultural influences. For example, in
some cultures, food is merely considered a source of energy for the body while in other cultures food
plays an important part in social bonding and religious experiences. The wider socioecological
determinants of change in nutrition-related behaviours need to be acknowledged and understood if one
wants to make any conclusion about the causal relationship between income, food consumption and
obesity. That is not to mention the other side of the coin – reducing physical activity.

8.4

Contributions to knowledge

Overall, this research contributes to the literatures across food economics, global health, and
computational statistics in several ways. Mentioned the publication.
To begin with, this study broadens the current knowledge of the nutrition transition literature
by proffering statistical evidence to support the notion of global dietary convergence. While there was
much anecdotal evidence for the converging patterns of food consumption across countries as a result
of the nutrition transition, this research is among a few studies that have formally tested this
convergence hypothesis by the means of sigma and beta convergence methodologies. In particular, the
examination of convergence clubs based on nonparametric methods and conditional beta convergence
in Chapter 6 addresses a key limitation of the majority of cross-sectional studies in the assumption of a
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single global steady-state equilibrium. Results advocate the existence of different convergence
dynamics among countries of distinct levels of development and illustrate how structural variables such
as resource availability, rising income, urbanisation, and female employment can determine the
heterogeneous paths that countries are converging to.
Linked to the above contribution, this study adds to the scholarly debate on the rising obesity
by offering evidence to support the theory of modernisation. Findings show that during the process of
economic development, countries are experiencing the domestic nutrition transition and as a
consequence national diets are becoming more alike. Results of the spatial beta convergence models
demonstrate that growing income plays an important role in the dietary convergence across countries.
As indicated by the modernisation theory, economic development is closely related to structural factors
such as urbanisation and female participation in the labour force. Results from the conditional beta
convergence model corroborate such an argument since these development variables are shown to exert
significant influences on the dietary changes. Over the past half a century, as countries further develop,
their diets have resembled the so-called ‘Western’ diet high in fat, salt and sugar. As physical activity
level tends to drop due to the modern lifestyles, the manifestation of high-calorie diets in expanding
waistline is obvious.
From a methodological standpoint, this research contains some novelties in that it applied
innovative clustering techniques to a large database of dietary intake. More advanced data analysis
techniques enable us to improve the understanding of diets and why they matter for health status.
Although cluster analysis is a common method to investigate food consumption behaviours, previous
scholars largely neglect the time dependent nature of food consumption data that vary temporally. This
research fills in this gap by using a copula-based fuzzy time series clustering algorithm. The copula
function captures the dependence among time series and the clustering results correspond to various
dietary trends. The utilisation of fuzzy clustering with the possibility to have multiple diets coexist
within a single country represents another important innovation. Previous scholars mainly employ crisp
clustering approach which reduces numerous diets within a country into one average national diet thus
limits the understanding of individual differences in food consumption. While the national dietary
patterns were clustered solely on the basis of total caloric consumption, the ability to identify distinct
dietary types/trends inherent in a country is hence a great merit.
Another significant contribution of this research to the food economics literature lies in the
examination of spatial approach in beta convergence model and cluster analysis. Particularly, the
utilisation of an economic proximity measure (average GDP per capita) instead of traditional metrics
for the space such as geographical distance or geographical contiguity has not previously been
undertaken. Notwithstanding the nascent literature on spatial clustering of obesity prevalence and other
health outcomes, this study is among the first attempts to assess the usefulness of taking into account
the spatial dimension in food consumption studies. The findings presented in Chapters 6 and 7 show
that ignoring spatial interactions can lead to biased estimates and incorrect interpretation of both
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convergence and clustering results. This analysis also demonstrated that the adoption of spatial
econometric techniques for beta convergence modelling explicitly considers and helps explain the
spatial dynamics in dietary convergence.
Finally, this research contributes to the growing strand in the spatial analysis literature by
proposing a generalised measure of spatio-temporal autocorrelation – the Generalised Fuzzy Moran’s
index (GFM). This index was developed in response to the need of a generalised spatial dependence
measure in a situation where values of spatial units are collected over time. Differing from the earlier
scholars who consider spatial observations and temporal values separately, this study integrates the
deviation of time series (measured by the Kendall rank correlation) to reveal the spatial pattern. On the
one hand, the GFM index extends the classical Global Moran’s I statistics to compute the spatial
autocorrelation of time series data. On the other hand, the GFM index can be considered as an extension
of the Fuzzy Moran index introduced in D’Urso et al. (2019a). In this respect, it can be of practical
usefulness in space-time clustering procedure as to assist the selection of final clustering partition when
several spatial coefficients are considered. In Chapter 7, two experiments were conducted to exhibit the
performance and confirm the validity of the GFM index in discovering the spatio-temporal patterns. By
comparing with some existing measures of spatial dependence, this study showed that failing to account
for both spatial and temporal dimensions in space-time data leads to incorrect results.

8.5

Limitations of the research

Despite being explained in detail in previous chapters, some limitations merit discussion.
Validity of the data series: Food availability, not food consumption
This research focuses on the total caloric consumption and rely on the Food Balance Sheet (FBS) data
provided by the FAO. These data are collected from country reports of production, imports and exports
of food that are often subject to collection errors (FAO 2018). The data are converted according to
global estimates of food loss due to livestock feed, seed use, industrial use, and losses during
transportation. Lacking precision in production or consumption measure, the data give a general picture
of consumption trends that can imply food available for consumption for most nations (FAO 2017b).
In fact, they have many shortcomings that might hinder the interpretation of the results.
The foremost caveat of the FBS is that the data do not imply actual food intakes/ consumption
as the food waste at household, retail and restaurants is not incorporated into the supply figures
(Vilarnau et al. 2019). According to Anand et al. (2015), almost a third of all food produced for human
consumption is wasted before being consumed, therefore the FBS likely overestimates the actual food
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consumption quantity. Prior studies report that the FBS data are at least 20% higher than the true dietary
intake (Grünberger 2014; Popkin and Reardon 2018).
The inaccuracy of the underlying data sources (such as data on crops, production, storage, and
losses) limit the data reliability, particularly in less developed countries (Choudhury and Headey 2017;
Desiere et al. 2018). Even though the FAO recently updated its methodology by improving the estimates
of specific sources (such as data on stocks, food, feed, loss), the information related to food waste at
the consumer level is still being revised (FAO 2019a). Also, the figures on home production and harvest
of wild plants are not taken into account (Da Silva et al. 2009). This is more of a problem in developing
countries and rural areas where a large number of people depend on local or small-scale agricultural
production and wild foods (Beal et al. 2017).
Another caveat worth mentioning refers to the lack of disaggregated information on food
supplies by age, gender, education, or socio-economic levels since the estimates are provided per capita
(Del Gobbo et al. 2015). Representing an overall average amount of food availability within a country,
the FBS can mask the coexistence of over-consumption and under-consumption among disparate groups
of people living in the same country (Beal et al. 2017; FAO 2017b). It is not rare to find (developing)
countries in which one portion of the population consumes a certain food at an average level whereas
another portion of the population consumes the same food at a level higher than average. In this case,
the use of countrywide average data would not truly indicate the consumption level of either group.
This caveat likely increases the uncertainty in analysing countries with very unequal income
distributions. Therefore, it is crucial to acknowledge that the results obtained by average diets in this
research only represent a partial picture of the story. While fuzzy clustering is an attempt to reveal the
diets underlying country averages, it is something of a second to best to detailed dietary data on a global
scale.
The absence of food prices in the conditional beta convergence model
Despite being mentioned in the theoretical framework in Figure 2.3, food prices are not incorporated in
the conditional beta convergence model in Chapter 6. While income is a significant driver of the
nutrition transition, without the relative cost of food, it is impossible to determine the extent to which
individuals substitute one food for another. However, in the same spirit with Azzam (2020), food prices
are not considered in the conditional beta convergence model in this study due to the absence of
historical data of food prices corresponding to the food categories listed in the Food Balance Sheet. In
principle, one could use Consumer Prices Food Index to proxy the cost of diets. Yet, there are some
shortcomings in employing such a proxy. First, even though the FAO provides a standardised set of
Food CPI data (FAO 2021a) for as many as 198 countries over the world, the sampling methodology
can differ greatly across countries. For example, some countries report indices for urban areas only,
others for specific household groups instead of country-wide averages. Second, the FAO’s Food CPI
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data only date back to year 2000, thus leaving an insufficiently long time series for the convergence
analysis which examines food availability starting from 1961. Third, the Food CPI considers the prices
of a basket of goods and services that are typically purchased by specific groups of households, but not
the FBS food aggregates that make up the total calorie availability figure under examination.
The MAI’s ability to capture dietary healthiness
While the MAI has the virtue of simplicity and the ability to depict major shifts in the trends of food
availability, its validity at household level is debatable. A major drawback is the inconclusive
categorisation of food groups as Mediterranean and non-Mediterranean (Chang et al. 2017). For
example, Balanza et al. (2007) question whether potatoes and seed oils are considered typical
components of the Mediterranean diet or not.
In addition, the MAI reduces the Mediterranean diet as a whole to a list of food products
regardless of the frequency of consumption as well as the proportion of food items (Finardi et al. 2018).
To illustrate, both red meat and white meat are not separated but aggregated in the broader category of
meat regardless of the nutritional differences between the two. Following the MAI’s calculation, the
same importance is given to all food groups, independently of how they align with the Mediterranean
diet recommendations or the evidence-based influence of these foods on the diet-disease relationship.
Lastly, the inclusion of certain food items, for instance eggs and milk in the MAI’s calculation
may undermine the accuracy of the obtained values. This is partly because the FBS data represents raw
food ingredient rather than the food groups in which it is found such as cakes and pastries, and partly
because of the controversial effects of dairy products consumption on health (Vilarnau et al. 2019).
The COFUST’s ability to handle time series data exhibiting weak dependence
The ‘Fluctuation analysis’ identified five meaningful clusters whose dietary characteristics match nicely
with common dietary types around the world. Since some of these dietary types seem to carry the spatial
relevance for example the tropical diet associated with Latin America or the cereal-based diet usually
found among African countries, one would expect such spatial patterns to be more clearly defined in a
spatial model. Surprisingly, the ‘Spatial fluctuation analysis’ could not arrive at any final cluster
solution as indicated by the monotonic rising behaviour of the Fuzzy Silhouette index. There are good
reasons to believe this reflects more of a technical problem related to the performance of the COFUST
algorithm than implications for food consumption.
To recap, the ‘Spatial fluctuation analysis’ aims to detect groups of countries that exhibit
common deviations from the trend whilst being spatially close. The input information of the cluster
analysis is a combination of the dependence among detrended time series (pre-filtered data) and the
spatial information. As the spatial information remains the same for both ‘Spatial trend analysis’ and
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‘Spatial fluctuation analysis’, the deficiency of the latter should therefore be attributed to the
dependence among detrended time series. As a matter of fact, this dependence measure was shown to
be very weak since the pairwise Kendall’s correlation figures are close to zero (Figure 7.3). Apparently,
the pre-filtering step transformed the original data into stationary time series which likely exhibit
random patterns regarding the temporal variation. It is therefore more difficult to identify a common
structure in the pre-filtered data than the original data, and introducing the spatial information appears
to add further complication. In the original paper, the authors of the COFUST algorithm (Disegna et al.
2017) recommend decomposing the original data and utilising only the residuals in the clustering task.
The purpose is to avoid any overwhelming influence of seasonality inherent in tourism data. As tourism
demand can exhibit substantial variations from one month to the next due to seasonal effects, it is
possible to observe some common patterns of deviations from the trend (as represented by the residuals
of the decomposed time series). This study however resorts to annual data and broadly speaking the
total caloric consumption figure does not alter significantly from one year to the next, resulting in minor
deviations from the trend and decreasing the likelihood of common patterns existing.
Time-varying nature of the space metric
Spatial analysis deals with interactions of units (say countries, regions, municipalities or cities) in space,
where the space can be geographical, social, economic or cultural in nature. An important element in
spatial analysis is the spatial weight matrix, which summarises the spatial relationship among units.
Conventionally, geographical measures of spatial dependence (say distance in kilometres) are preferred
since not only geography is a good proxy for transportation costs and technological transfer, but also
geographical measures are static and exogeneous. Therefore, the spatial weight matrix is usually time
invariant. Nevertheless, the application of spatial econometric models spans over a range of disciplines
beyond geographical and regional studies so that the notion of space would be less meaningful if it is
limited to geography. A growing number of scholars have adopted non-geographical measures of spatial
dependence that can be a proximity measure in terms of economic, socio-economic, trade, demographic,
or climatic variables (Ahmad and Hall 2017; Hao and Wu 2020). This development of the spatial
literature invalidates the time invariance property of conventional spatial weight matrices. As the nongeographical measures of spatial dependence change over time, the resulting spatial weight matrix does
vary over time. This applies to the economic proximity measure adopted in this study.
Even though this issue was attacked by the use of average GDP per capita during 1970-2013,
the time-varying nature of the economic proximity measure and the associated spatial weight matrix
requires greater attention. While most countries in the study sample have always belonged to a certain
income category for example Canada in the richest group and Cambodia in the poorest group, for others
the variations in GDP per capita could be considerable. To illustrate, China was associated with the 1st
quantile income in 1970 but the 3 rd income quantile in 2013. Using average incomes would mask this
273

switching behaviour and might impair the results of relevant spatial analyses (for example the Global
Moran’s I test for spatial dependence). Of importance is the conclusion of Lee and Yu (2012) that
ignoring time varying feature of spatial weight matrices can cause estimation bias.

8.6

Further research

The limitations listed in the previous section present many opportunities for extending the scope of this
research. Some of the directions for future studies are outlined subsequently.
First, acknowledging the lack of information related to food waste, future research could
incorporate this information in the FBS data by adjusting the calories from food items for waste using
the waste factors as it has been done in Behrens et al. (2017) or Azzam (2020). Even after modifying
the data for food waste, it remains crucial to account for foods consumed away from home since these
tend to be processed, high in sugars and unhealthy fat, and they represent an important dimension of
the nutrition transition. Although sales data can inform about food away from home expenditures,
consumption data are hard to find and unlikely to be available for a wide range of countries. Thus, one
cannot overemphasise the need to collect and collate more accurate consumption data without which it
would be difficult to get a comprehensive picture of what people are eating around the world.
Second, future studies could examine the robustness in measuring the healthiness of diets using
MAI versus other diet quality indices, especially those constructed from both nutrients and food groups.
Third, the beta convergence analysis in Chapter 6 could be replicated to demonstrate how other
structural conditions can affect the convergence process. Whilst the dummies representing income
levels were included and results showed that the convergence path varies between countries of different
levels of economic development, new groupings based on for example population size or language
spoken could be considered.
Next, this thesis opens up a relatively new area of research for analysing the spatial relationship
in the context of food consumption. Future studies could consider a distance in terms of geopolitical
framework (for example, countries belonging to the European Union, Latin America including Mexico
and the Caribbean, South-East Asia, Mercosur economies) or sub-continental measures of geographical
proximity. Income was considered as the only proximity in this study, however, other factors such as
education attainment, weather condition, demographic structure, language spoken may as well
contribute to the (dis)similarities in diets around the world. Future research could examine these factors
as separate proxies for spatial information or embed them simultaneously into the beta convergence
model or cluster analysis as different levels of proximity.
In addition, since the COFUST is unable to identify meaningful clusters when the dependence
among time series is weak (as in the case of clustering pre-filtered data), future studies could try an
alternative space-time clustering algorithm. A suggestion would be the algorithm introduced in D’Urso
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et al. (2019a) that computes the dynamic time warping distance between time series instead of using
the copula function.
Finally, further studies could deal with the situation in which spatial information and hence
spatial dependence varies over time. One possibility is to conduct panel data models and let spatial
weight matrices be time-varying. The panel data setting also allows the estimation of a spatial
econometric model with time-varying coefficients in a spatial panel model. It is worth mentioning that
when spatial proximity is constructed as the function of an economic or social distance, spatial weights
could be endogenous as well as changing over time. In such scenario, endogenous weights might hinder
the usual estimation procedure and cause estimation bias. If time-varying endogenous spatial weight
matrices are employed, future research could adopt the estimation method suggested by Qu et al. (2017).
Despite the growing research interest in the estimation of spatial econometric model with timevarying spatial dependence, the clustering literature counterpart is still in its infancy. The development
of a space-time clustering algorithm that can handle time-varying spatial information is thus a promising
research venue for future studies. In addition, an extension of the Generalised Fuzzy Moran’s index
with time-varying spatial proximity would be needed.

8.7

Final remarks

To conclude, the author would like once again to re-emphasise the significance of this study. Motivated
by the fact that diets represent a common cause of and contribute to a wide range of common diseases,
this research aims to explore the global patterns of food consumption over time and the indications they
imply for obesity and global health. To this aim, the daily per capita calories available for human
consumption in 118 countries during 1961-2013 are empirically scrutinised by a range of quantitative
methods including econometric convergence tests, clustering techniques and spatial analysis. The
empirical evidence generates several important policy insights which can be used as guidance towards
the adoption of more robust measures and more concerted actions to promote healthy diets and good
nutrition. Further, this research updates and substantially extends the current knowledge on nutrition
transition and dietary convergence using both updated data and new methods.
Overall, this study highlights the importance of diets as both a cause and a solution of the global
burden of malnutrition, particularly the obesity epidemic. Empirical results unambiguously reveal that
the world is eating badly, and this has adverse impacts on nutrition and health outcomes. On an
optimistic note, the move towards healthier diets is at least possible, but we need to act now! This is a
real challenge for the 21st century and is what the thesis intends to highlight through impactful research.
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Appendix A

Nutritional, demographic and epidemiological profiles of five patterns of the nutrition

transition.
Pattern 1

Nutritional
profile

Demographic
profile

Pattern 2

Pattern 3

Pattern 4

Pattern 5

Plants, wild
animals, varied
diet

Cereals predominant,
less varied diet

More starchy staples,
fruits, vegetables, animal
proteins, low variety diet
continues

More animal fat, sugars,
processed foods, less fibre

Higher-quality fat, reduced
refined carbohydrates, more
whole grains, fruits, vegetables

Fertility and
mortality

Low fertility; high
mortality; short
life expectancy

High natural fertility;
high infant and
maternal mortality;
short life expectancy

Fertility remained
constant, then declined;
mortality declined
slowly, then rapidly;
population grew steadily
and then exploded

Life expectancy hits
unique levels (ages 60-70);
huge decline and
fluctuations in fertility

Life expectancy increases to
ages 70-80; disability-free
period increases

Age
structure

Young population

Young, very few
elderly

Young, the shift to older
population begins

Rapid increase in the
proportion of elderly
people

Increase in the proportion of
elderly people (over 75 ages)

Rural, a few small
crowded cities

Mostly rural, move to
cities increases,
international migration
begins, megacities
develop

Dispersal of urban
population decrease in
rural green space

Lower-density cities
rejuvenate, increase in
urbanisation of rural areas
encircling cities

Epidemics, endemic
disease, deficiency
disease, starving

Tuberculosis, smallpox
infection, parasitic
diseases, polio, weaning
disease expand and later
decline

Chronic disease related to
diet and pollution, but
infectious disease declines

Increases in health promotion,
rapid decline in cardiovascular
disease, slower change in agespecific cancer profile

Diet

Residency
patterns

Epidemiological
profile

Morbidity

Rural, low density

Infectious
diseases,
no epidemics

Source: Author’s summarisation based on Popkin (2006).
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Appendix B

B.1

Summary of main diet quality indices

Based on dietary recommendations
Index components
Study

Index (Abbreviation)

Country
/region

Patterson et al.
(1994)

Diet Quality Index (DQI1994)

the US

Kennedy et al.
(1995)

Healthy Eating Index
(HEI-1995)

the US

Huijbregts et al.
(1997)

Healthy Diet Indicator
(HDI-1997)

Europe

Haines
(1999)

et

al.

Diet Quality Index-Revised
(DQI-R-1999)

Löwik
(1999)

et

al.

Dietary method

24-hour recall and
2-day food
records
24-hour recall and
2-day food
records

Food
groups
/Nutrients
/Both

Number of
components

Index
range

Weight

Original results

Both

8

[0, 16]

Unequal

Reflects diet quality

Both

10

[0, 100]

Equal

Reflects nutrient adequacy

DHM

Both

9

[0, 9]

Equal

Negatively associated with
mortality

the US

24-hour recall

Both

10

[0, 100]

Equal

Reflects diet quality

Dietary Quality Index
Nutrient Based (DQINB1999)

the
Netherlands

2-day food
records

Nutrients

5

[0, 5]

Equal

Not specified

McCullough et
al.
(2000a);
McCullough et
al. (2000b)

Healthy Eating IndexFrequency Questionnaire
(HEI-f-2000)

the US

FFQ

Both

10

[0, 100]

Equal

Weakly associated with risk
of major CHDs

Stookey et al.
(2000)

Chinese Diet Quality Index
(CH-DQI-2000)

China

24-hour recall

Both

10

[-74 ,56]

Unequal

Associated with BMI

Osler et
(2001)

al.

Healthy Food Index
(HFI-2001)

Denmark

FFQ

Food
groups

4

[0, 4]

Equal

Inversely associated with allcause and cardiovascular
mortality
Inversely related to cancer

Fitzgerald et al.
(2002)

Diet Quality Score (DQS2002)

Canada

24-hour recall

Nutrients

17

[0, 17]

Equal

Harnack et al.
(2002)

Dietary Guidelines Index
(DGI-2002)

the US

FFQ

Both

9

[0, 18]

Equal

McCullough et
al. (2002)

Alternate Healthy Eating
Index (AHEI-2002)

the US

FFQ

Both

9

[2.5,
87.5]

Equal

Seymour et al.
(2003)

Diet Quality Index (DQI2003)

the US

FFQ

Both

8

[0, 16]

Unequal

Newby et
(2003)
Kim
et
(2003)
Dynesen et
(2003)
Maynard et
(2005)
Shatenstein
al. (2005)

the US

FFQ and 1-week
food records

Both

10

[0, 100]

Equal

Worldwide

24-hour recall

Both

17

[0, 100]

Unequal

Denmark

FFQ

Food
groups

5

[0, 15]

Equal

Not specified

the UK

FFQ

Both

12

[0, 12]

Equal

Not specified

Canada

FFQ

Both

9

[0, 100]

Equal

Reflects diet quality of
Canadian population

the US

FFQ

Both

20

[0, 20]

Equal

Not specified

Bazelmans et al.
(2006)

Diet Quality Index-Revised
(DQI-R-2003)
Diet
Quality
IndexInternational (DQI-I-2003)
Danish Healthy Diet Index
(D-HDI-2003)
Healthy Diet Score
(HDS-2005)
Canadian Healthy Eating
Index (C-HEI-2005)
Dietary Guidelines for
Americans
Adherence
Index (DGAI-2005)
Healthy Food and Nutrient
Index (HFNI-2006)

Belgium

1-day food record

Both

8

[0, 8]

Equal

Toft
et
(2007)

Diet Quality Score (DQS2007)

Denmark

FFQ

Food
groups

4

[0, 12]

Equal

al.
al.
al.
al.
et

Fogli-Cawley et
al. (2006)

al.
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Negatively associated with
the risk of cancer among
post-menopausal women
Low correlation with the risk
of CVDs and other CHDs.
Not associated with cancer
Unrelated to cancer mortality
Limited predictive capacity
for mortality
Reflects diet quality
Can compare diet quality
across countries

Associated with mortality for
men
Negatively associated with
the risk of ischaemic heart
disease

Mazzocchi et al.
(2008)
Lee et al. (2008)
Lee et al. (2008)
Fung et
(2008)

al.

Guenther et al.
(2008)
Kant et al.
(2009)
Von Ruesten et
al. (2010)
Cade et al.
(2011)
Drake
(2011)

et

Chiuve et
(2012)
Knudsen et
(2012)
Berentzen et
(2013)
Guenther et
(2013)
Zarrin et
(2013)

al.

al.
al.
al.
al.
al.

Recommendation
Compliance Index (RCI2008)
Overall Dietary Index
(ODI)
Overall Dietary Indexrevised (ODI-R-2008)
Dietary Approaches to Stop
Hypertension
(DASH2008)
Healthy Eating Index-2005
(HEI-2005)
Dietary Behaviour Score
(DBS-2009)
German Food Pyramid
Index (GFPI-2010)
Healthy Diet Indicator
(HDI-2011)
Diet
Quality
IndexSwedish
Nutrition
Recommendation (DQISNR-2011)
Alternate Healthy Eating
Index (AHEI-2010)
Danish Diet Quality Index
(D-DQI-2012)
Healthy Diet Indicator
(HDI-2013)
Healthy Eating Index-2010
(HEI-2010)
Aussie-DQI

Worldwide

Food Balance
Sheet

Both

7

[0, 1]

Unequal

Taiwan

FFQ

Both

9

[0, 100]

Equal

Taiwan

FFQ

Both

9

[0, 100]

Equal

the US

FFQ

Both

8

[8, 40]

Equal

the US

24-hour recall

Both

12

[0, 100]

Unequal

the US

FFQ

6

[0, 36]

Equal

Germany

FFQ

8

[0, 110]

Equal

the UK

FFQ

Both

10

[0, 10]

Equal

Sweden

DHM

Both

6

[0, 6]

Equal

the US

FFQ

Both

11

[0, 110]

Equal

Denmark

Food diary

Both

6

[0, 6]

Equal

the
Netherlands

FFQ

Both

7

[0, 7]

Equal

the US

Not specified

Both

12

[0, 100]

Unequal

Australia

24-hour recall,
FFQ

Both

11

[0, 120]

Equal

Food
groups
Food
groups
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Not specified
Cannot predict blood
pressure or hypertension
Associated with risk of
obesity
Significantly associated with
lower risk of CHDs and
stroke in women
Not specified
Inversely associated with
mortality
Not associated with the risk
of CHDs
Not strongly associated with
the risk of breast cancer
Not specified
Negatively associated with
the risk of CHDs
Reflects diet quality of
Danish population
Not associated with overall
cancer risk
Not specified
Inversely associated with
cancer mortality among men

Kanerva et al.
(2014)
Kanerva et al.
(2014)
Radwan et al.
(2015)
National Cancer
Institute (2018)
Kuczmarski et
al. (2019)
Gémez et al.
(2019)
Moraeus et al.
(2020)

Baltic Sea Diet Score
(BSDS-M-2014)
Baltic Sea Diet Score
(BSDS-Q-2014)
Obesity-specific Healthy
Eating Index (OS-HEI)
Healthy Eating Index-2015
(HEI-2015)
Mean Adequacy Ratio
(MAR)
Diet Quality Score (DQS2019)
Swedish Healthy Eating
Index for Adolescents 2015
(SHEIA15)

Finland

FFQ

Both

9

[0, 9]

Equal

Reflects diet quality, nutrient
adequacy

Finland

FFQ

Both

9

[0, 25]

Equal

Reflects diet quality

the US

2-day food
records

Food
groups

7

[0, 100]

Unequal

Can predict obesity
prevalence

the US

Not specified

Both

13

[0, 100]

Unequal

Not specified

the US

24-hour recall

Nutrients

17

[0, 100]

Equal

Not associated with risk for
malnutrition

Latin
America

24-hour recall

Both

17

[0, 199]

Equal

Not specified

Sweden

24-hour recall

Both

7

[0, 9]

Equal

Not associated with
overweight and obesity
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B.2

Based on the Mediterranean diet
Index components
Study

Index (Abbreviation)

Trichopoulou et
al. (1995)
Alberti-Fidanza
et al. (1999)

Mediterranean Diet Score
(MDS-1995)
Mediterranean Adequacy
Index (MAI-1999)

Gerber
(2000)

Mediterranean
Diet
Quality Index (Med-DQI2000)

et

al.

Haveman-Nies
et al. (2001)
Haveman-Nies
et al. (2002)
Trichopoulou et
al. (2003)

Mediterranean Diet Score
(MDS-2001)
Mediterranean Diet Score
(MDS-2002)
Mediterranean Diet Score
(MDS-2003)

Goulet
(2003)

Mediterranean Score
(MS-2003)

et

al.

Knoops et al.
(2004)
Trichopoulou et
al. (2005)

Mediterranean Diet Score
(MDS-2004)
Modified Mediterranean
Diet Score (mMDS-2005)

Country/
region

Dietary method

Greece

FFQ

Both

Italy

DHM

Food groups

Food
groups
/Nutrients
/Both

Index
range

Weight

8

[0, 8]

Equal

Inversely associated with
overall mortality

12

[0, 99.99]

Equal

Not specified

Number of
components

Original results

South
France

FFQ

Both

7

[0, 14]

Equal

Not associated with
cholesterol,
Inversely associated with
vitamin E, omega-3 fatty
acids and beta-carotene

the US,
Europe

FFQ and modified
DHM

Both

8

[0, 8]

Equal

Not specified

Europe

modified DHM

Both

7

[0, 7]

Equal

Greece

FFQ

Both

9

[0, 9]

Equal

Canada

FFQ

Food groups

11

[0, 44]

Equal

Europe

DHM

Both

8

[0, 8]

Equal

Europe

FFQ, food record

Both

14

[0, 9]

Equal
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Associated with higher
survival among old people
Significantly associated with
all types of mortality
Associated with beneficial
modifications in metabolic
and anthropometric variables
in women
Associated with lower rate of
mortality
Associated with higher
survival among old people

Fung et
(2005)

al.

Gerber (2006)

Panagiotakos et
al. (2007)

Alternate Mediterranean
Diet Score (aMED-2005)
Mediterranean
Diet
Quality Index (Med-DQI2006)
MedDietScore-2007

the US

FFQ

Both

9

[0, 9]

Equal

France

FFQ

Both

7

[0, 14]

Equal

Greece

FFQ

Food groups

11

[0, 55]

Equal

the US

FFQ

Food groups

13

[0, 100]

Equal

Food groups

9

[0, 18]

Equal

Food groups

9

[0, 18]

Equal

Buckland et al.
(2009)

Mediterranean-Style
Dietary Pattern Score
(MSDPS-2009)
Relative
Mediterranean
Diet (rMED-2009)

Buckland et al.
(2010)

Relative
Mediterranean
Diet (rMED-2010)

Europe

Cade et
(2011)

al.

Mediterranean Diet Score
(MDS-2011)

the UK

FFQ

Both

10

[0, 10]

Equal

Dominguez
al. (2013)

et

Mediterranean Adherence
Diet Screener
(MEDAS-2013)

Spain

FFQ

Food groups

13

[0, 13]

Unequal

Buckland et al.
(2013)

Adapted
Mediterranean
(arMED-2013)

Europe

Dietary history
questionnaire,
FFQ, food record

Food groups

8

[0, 16]

Equal

Yang et
(2014)

al.

Modified Mediterranean
Diet Score (mMDS-2014)

the US

Lifestyle
questionnaire

Food groups

10

[0, 42]

Equal

El Kinany et al.
(2020)

Modified Mediterranean
Diet Score (MMD-2020)

Morocco

FFQ

Both

12

[0, 12]

Equal

Rumawas et al.
(2009)

Abbreviations:

Relative
Diet

Spain

Dietary history
questionnaire
Dietary history
questionnaire,
FFQ, food record

Might be associated with risk
of diabetes and CVDs
Inversely associated with
alpha, beta-carotene, vitamin
E, EPA, DHA
Associated with reduced risks
of hypertension, obesity,
hypercholesterolemia
diabetes mellitus
Reflects diet quality
Negatively associated with
the risk of CHDs
Negatively associated with
the risk of incident gastric
adenocarcinoma
Not associated with the risk
of breast cancer
Inversely associated with
mortality
Negatively associated with
the risk of breast cancer
Inversely associated with
metabolic syndrome,
cholesterol, and weight gain
Associated with reduced
overweight/obesity risk

FFQ = Food frequency questionnaire, DHM = Dietary history method, CHDs = Chronic diseases, CVDs = cardiovascular diseases,
EPA = Eicosapentaenoic acid, DHA = Docosahexaenoic acid, BMI = Body mass index.
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Glossary of Terms

a posteriori

A data-driven method that applies factor or cluster analysis to derive
common underlying food consumption patterns within a population.

a priori

A method that evaluates the dietary healthiness (through pre-defined
diet quality indices/scores) and categorises individuals according to the
extent to which their dietary patterns comply with dietary guidelines.

Beta convergence

The process in which poor countries grow faster than rich countries at
an earlier stage before converging to grow at similar rates in the long
term.

Body Mass Index

A ratio of weight-for-height commonly used to classify underweight,
normal weight, overweight and obesity in adults.

Cluster analysis

A technique to discover groups (or clusters) of objects/units so that
objects/units in the same cluster are more similar to one another whilst
dissimilar from objects/units in other clusters.

Crisp clustering

Allows each unit to only belong to one cluster and the cluster
membership is either 0 or 1.

Demographic

The shift from a pattern of high fertility and mortality to one of low

transition

fertility and mortality.

Dietary assessment

Methods that estimate the consumption of food and nutrients at
national, household and individual level.

Double burden of

The coexistence of undernutrition along with overweight and obesity or

malnutrition

diet-related non-communicable diseases, within individuals, households
and populations, and across the life course (WHO 2017b).

Epidemiological

The shift from a high prevalence of infectious diseases to one of a high

transition

prevalence of chronic and degenerative diseases associated with urbanindustrial lifestyles.

Food environment

The interface where people interact with the wider food system to
acquire and consume foods (Turner et al. 2020).

Food system

Any activity that influences the production, processing, distribution,
retailing, and consumption of food.

Foreign direct

A type of cross-border investment in which an investor residing in a

investment

country buys or establishes a lasting interest in controlling over assets in
another country (OECD iLibrary 2020).

Fuzzy clustering

Allows a unit to belong to multiple clusters with varying degrees of
membership between 0 and 1.

Globalisation

A process of greater integration within the world economy, through
movements of goods and services, capital, technology and (to a lesser
extent) labour, which leads increasingly to economic decisions being
influenced by global conditions (Jenkins 2004).

Half-life

The number of years required for progress halfway towards the steadystate level when convergence is assumed to have been achieved.

Hunger

An uncomfortable or painful sensation caused by insufficient food
consumption (FAO 2013).

Macronutrients

Fats, proteins and carbohydrates (starch, fibre, sugar) that are needed for
a wide range of bodily functions and processes.

Malnutrition

Deficiencies, excesses or imbalances in a person’s intake of energy
and/or nutrients (WHO 2020).

Micronutrient

Vitamins, minerals and certain other substances required by the body in
smaller amounts for normal physiological function.

Micronutrient
deficiency

Not getting enough of one or more micronutrients.

Non-communicable

Diseases that are not passed from person to person. They are often long

diseases

lasting and generally progress slowly, for example cardiovascular
diseases, cancer, chronic respiratory diseases and diabetes (WHO 2018).

Nutrient-dense food

Food with a high content of nutrients with respect to its mass or volume
(FAO 2013).

Nutrition transition

A model describing the shifts in diets, physical activities and causes of
disease that accompany changes in economic development, lifestyle,
urbanisation, and demography.

Obesity

A state of excessive accumulation of fats, measured by a Body Mass
Index greater than or equal to 30 kg/m2.

Overnutrition

A result of excessive food intake relative to dietary nutrient
requirements (FAO 2013).

Overweight

A body mass index between 25 and 30 kg/m2.

Processed foods

Foods that have been altered from its raw state (OECD 2021).

Sigma convergence

The reduction in cross-sectional dispersion over time.

Spatial dependence

The existence of a functional relationship between a phenomenon
happening in a location and what happens in other locations (Anselin
1988).
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Stunting

Low height-for-age.

Temporal dependence

The phenomenon that values of a variable depend on past values of the
same variable.

Trade liberalisation

The process of reducing or removing restrictions on international trade.

Ultra-processed foods

Formulations of ingredients that result from a series of industrial
processes (Monteiro et al. 2019a).

Undernutrition

Includes wasting (low weight-for-height), stunting (low height-for-age)
and underweight (low weight-for-age) (WHO 2020).

Underweight

Low weight-for-age.

Urbanisation

The shift from a population that is dispersed across small rural areas in
which agriculture is the dominant economic activity towards one where
the population is concentrated in larger, dense urban settlements
(National Research Council 2003).

Wasting

Low weight-for-height.
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