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Abstract

Worldwide, obesityhas reached epidemic proportions &iad almost triplethetweenl975and 2016
Acknowledging thatveight gain isa complex and mitifactorial conditioninvolving changes irboth

dietary and physical activity patterns, this resedoclises on the dietary origin of obesity. Given the
dearth of empirical literature diood consumptiorat the global levelthe aim ofthis researclis to

explore dietary trends and dietary types around the world linked with the indications that thefpimply
obesity and global healtfo this aim, annudbodavailability datacollated by the Food and Agriculture
Organisation of the United Nations (FA€gvering the period from 1961 to 2013 for 118 countries are
scrutinised by econometric convergence stestustering techniques and spatial analyBissults
indicatethat countries with lower levels of initial calories tend to exhibit higher growth catzdorie
consumption. However, this process is not homogeneous across countrigscbme countriebave
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 socieeconomic variablegvidence suggas that economic factonave become a more important
determinant of the dietary convergence since the Millennipplying innovativefuzzy clusteing
algorithms which allow multiple diets to coexist within a single coundgyeral dietary trendasnd

dietary types are detected. While the identified clusiegsll associated with relentlessly increasing
calories andleterioraing dietary healthinessver the past half a centutie most calorific cluster has
shown signs of stabilising calorieonsumpin. A notable contribution ofhis researchis the
examination of spatial patterns of global food consumpiiging both traditional and neraditional
measures of spatial proximitRiffering fromtheearlierliteratureemphasising the role of geograplic
closeness, this research utilises an economic indicator for proximifindsthatcountrieswith similar

income leved tend to havesimilar diets. Spatial convergence analys&svealsa convergence process

that is about three times as fast as thespatial modelthus ignoringthe spatial relationship leads to
biasedresults Incorporatinghe spatialdimensionin cluster analysialso affects the clustering results
dramatically. Cluster profiling shows that only the segment of more educated altldaheare
populations exhibits the behavioural changes towards better diets, hence underlining the importance of
improved education and access to knowledgdh e f i nding t hat dietary ev
dependent provides a basis for the developrokgtoupspecific interventions that target populations

at risk of worsening diets. While these policy measures are often-lpdseel, 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 mearkdiving longer

but not necessarily healthjeurrent attemstto improwe dietsare obviously inadequate and existing
effortsneed to be redoubledhis 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

AfLet food be thy medicine and medicine
- Hippocrates (400 BG)

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 f\&altamp and van Norren

2018) Spoken 2,500 years ago, these words remain rel@vahe modern time: food and diet are
critical to our health and wellbeinth 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
acommunal identitfCornil and Chandon 2016) Yet , fAf ood is no |l onger a
enjoyment buthas increasingly become a cause of concern due to its potential consequences for |ll
h e a (de Riddert al.2017, p.908)The prime reasdior thisconcern is the role of diet as the biggest
determinant of chroniconcommunicable diseases (NCDshich are not only a common cause of
disability but also responsible for 71% of global deaths ann@Bina and Noubiap 2019A key
metabolic ri& factor for NCDs is overweight and obeqy/HO 2018)

The World Health Organisation (WHO) recognised that obesity is a global epidemic in 1997
and launched this alert again in 200#HO 2003) Since then, numerous calls to action have been
proposed by rtgonal governments; nonetheless, overweight and obasitynue to be a pressing public
health concer(OECD 2019b)Globally, the prevalence of obesity nearly tripled since 1975. The latest
WHO estimates are that 39 % afisidared everweightin@0& and d ul t

13% were obes@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 o\griculture and Food Systems for Nutrition 2016) Once | abel |l ed as t
affluenceodo, obesity has gone global and is creep
the earlier labelling a misnomé@Reyes Mato®t al. 2020) Western ountries historicallyassociated

with the highesbbesity rates continue to lead the race, though\Western countries have experienced
substantial increases in obesity prevalence over the past few d¢O&ed 2019b) Statistics from

the World Bank indiate 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 andaegho country yet seems to

have bucked the rising trei@winburnet al.2011; Ameye and Swinnen 2019; Swinbetral.2019)

To further complicate the issue, over 70% of couniride majority of which are lovincome
and middleincome countries (LMIQsi are witnessingthé doub |l e bur demwhichfs mal nu
defined by the coexistence oV¥erweight and obesityo¢ernutritior) alongside stunting and wasting
(undernutrition at all levels of the populatiofiThe Lancet 2019; World Bank 2020djrom tis
emerges a new nutrition reality: lewwcome countries are no longer characterised as undernourished
nor arehigh-income countries onlgtrugglingwith obesity(Popkinet al.2020) From the public health
perspective, sucadual burden will aggravatde longterm costs 06 g | o bosvisg td thye dag in the
effects of the current and past undernutrition reduction initiatives.

However, he health implications of overweight and obesity are alarming. Worldwide, at least
2.8 million adults die each yeas 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 diabad@s/ascular diseases,
respiratory diseases, musculoskeletal disorders, several types of cancer and dépBresisbavet al.

2019) Overweight and its related conditions can negatively affect the quality of life, measured by the
loss of disabilityfree years in obese adults, and reduce the life expectancy by 3 years on average across
OECD, EU28 and G20 countrié@ECD 2019b)

Unsurpisingly, increasing health care costs linked to increasing obesity rates are a common
trend across both developed and developing courfWiesld Bank 2020e) The economic cost of
obesity approximates to that of smoking or armed conflict, driving bet®eexd 7 percent of global
healthcare spending (Doblkes al. 2014)7 figures that are predicted to double by 2@&ner and
Brooks 2019) The economic burden of obesity also manifests in the labour market as having excess
body fat (the common descriptiohabesity) lowers productivity at work and increases early retirement
as well as absenteeism, and accordinipédDECD these effects are translated into a decline of GDP
by about 3.3%(OECD 2019b) Not only harming the economy, obesity can produce -terg
detrimental impacts on the environment by generating 20% greater greenhouse gas (GHG) emissions
compared to the normaleight statdMagkoset al.2020)



The oftquoted 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 outdobesarebeing replaced by seated and
indoorsonesin the service sector while improved transport meanertime being spent in car and
public transport than walking and cyclif@utholdet 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 th UK over the past three decad€siffith 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 t@ ttée s&detrciracterised by a higher
consumption of salt, fat, sugars and anis@lrce food¢Popkin 2008; Kearney 2010; Poplét al.

2012; Rontoet al. 2018; Popkinet al. 2020; Wellset al. 2020) At the same time, these shifts are
accentuated by major transformations in the food system that have createddtieddbo be sogeni ¢c 6
environment impacting food availability, food affordability and food acceptability world{idag

2009; Hawke®t al.2017; Popkin 2017; Béret al. 2019; Willettet 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 wgajh{Raldonet al.2018) the focus

of this thesis is on the identification of distinct dietary types as well as dietary trends around the world

linked toindicatiors that they implyfor obesityand global health

1.2 Research motivation

The extensive literaturen food and nutrition finds its origins in thetrition transition mode{(NTM)
which describes five stages of chaset populations experience in the quantity and quality of dietary
behaviours and patterns, which go hand in hand with large shiftsygicahactivity and causes of
disease as countries become more economically developed, urbanised and gl(PatikiEd1993;
Drewnowski and Popkin 1997; Popkin 1999, 2006b, 20_tiginally developed ithe earlyl990s

the concept ofnutrition trangiiondhas gained worldwide popularity over the last few decabesre

is ample evidence for dietary patterns in most places that include higher intakes of-powiebtt
caloriedense foods often from animal sources and in processed form whilst imfakbses and
vegetables remain inadequate ($eeexampleBaker and Friel 2014; Zhat al.2014; Potiet al.2015;
Oberlandeeet al.2017; Popkin and Reardon 2018; Rousteral. 2020; Umbergeet al.2020) As a
manifestation of the nutrition transition, modern societies seem to be converging on a \tgktern
diet high in saturated fats, sugar, and refined food, but low in(opkin and Gordotharsen 2004)
Unlike the gradual transition that occurriedthe USA and European countries, the dietary changes
have been more rapid in many loand middleincome countriegPopkin and Ng 2007; Anaret al.

2015) The drivers for the nutrition transition are manifold and often involve a wide variety of economic



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 renmbiguious( d 6 A ratcaui2020)

As the nutrition transition is coupled with a predicted shift in the disease burden t@mards
increased prevalence of overweight/obesity and the concomitant rise in (ffoplsn et al. 2012;

Webb and Block 2012; Harrist d. 2019; Harriset 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 ofytimerventions targeting

at risk communities. Nonetheless, not enough is known about actual food consumption in many
populations and the factors affecting(linamuraet al. 2015; Menyhert 2020)Despite the critical
importance of monitoring worse or bettchanging dietary patterns, surprisingly little is known
regarding consumption trends over tifwalls et al. 2018; Ventura Barbosa Gongalvetsal. 2020;

Juulet al.2021)

That said, a number of previous studies attempt to address the currentséndtinake future
projections of food availabilit{Baldos and Hertel 2014; Fukase and Martin 2017; Gouel and Guimbard
2019) The Food and Agricultural Organisation of the United Nations (FAQO) has published a series of
annual fl agshi pt arteep oorft sf otoidt |seedc uirTihtey san FAMut riti
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 rmipsxamined in national/regional
contexts and case studies (datgr alia, Balanzaet al. 2007; Chen and Marqué&&dal 2007; Regmi
et al.2008a; Sheehy and Sharma 2010; Sheehy and Sharma 2013; ArebabBa19; Sheehet al.

2019) So far, only few taidies provide irdepth analysis on global assessment of food and nutrition.
Alexandratos and Bruinsm@012) analyse global and regional trends in food availability and
prevalence of undernourishment during 12006, with aclearfocus on developing cotnies. Also
investigating past global trends in food availabilBgrkkaet al. (2013) probe into possible drivers

behind these trends; yet, only the role of food trade is examimedunique attempt to assess diet
quality and their trends worldwidémamuraet 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 sev&ahardn countries.

Tothebestoft h e a knbwledge,@etailed studies focusing on how global food availability
has developed during the past decades are linfiteds notivated, this study aims to offer an improved
understanding of the existing literature on the nutrition transition analysitagydatterns and changes

around the world.



While food consumption is often deemed as a matter of personal choice and many authors have
conducted micrdevel studies to explore drivers of individual consumption, in this research a-macro
level studyis chasen Thisallows fordetecing 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 affectr aearly all individuals living in a country
can be controlled for in a mactevel study but are not likely to be included in a mileeel study
(Bansal and Zilberman 2020, addition, results of micrtevel studies better suit the purpose of
individud prognoses, whereas results of malenel studies can help better understandings of the
impacts of public health policies that for instance target at reducing ob&k#yglobal approach
adopted in this research represents an important contributiorotdddge.

This research joins and extends insights from two related bodies of literature that have largely
developed in parallel: nutrition transition and dietary convergdtrewious research has identified: (i)
rising similarity in total caloric supplies and dief structure across national bordé@kndford 1984,
Balanzaet al. 2007; Khouryet al. 2014; Di Lascio and Disegna 2017; Benthaimal. 2020) (i)
convergence in consumption of caloric intakes and certain food {feegmi and Unnevehr 2006;
Schmidhuber and Traill 2006; Erbe Healy 201gspite an extensive literature on dietary changes,
there are some major gaps and shortcomingsli€s on dietary convergence are dated, loosely linked
to the nutrition transition literature, and mainly foarsdeveloped countries as well as the European
Union. Little evidence is available on patterns of food consumption at the global level. Notable studies
includethose byKhoury et al. (2014, Azzam (2020, Benthamet al. (2020, andBell et al. (2021)
Newertheless, Khouryet al. (2014) and Benthanet 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 iurmeaghether global diets are shifting
towards a Westernised diet (or precisely a Western diet similarity inktetf)is researchthe global
dietary convergencés examinedin the light of popular convergence methodologies using food
availability data athe 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, thadafpted approach in previous research that aggregates
country-level data by geographical regions or incomele is unable to capture the nuances of dietary
changes. Importantly, combining very poor countries with high burdens of malnutrition with middle
andhighi ncome countries fAignores the complexities
are likely at different stages of the transiti@opkin 2021) In order to address this issue, this research
compkments the convergence analysis with a statistical technique chiter analysiso summarise
and describe global diets on the basis dbhisal trendsA great novelty of this study is the application
of fuzzy clustering algorithms which permit the possibility of multiple diets coexisting within a single

country.



Returning to the NTM, of particular interest to researchers is whethehifhébesyond 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 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 pRggults of the cluster analysis will help to detect
any evidence for the existence of Pattern 5 in some countiddscav the diets of these countries might

look like at this stagewhich 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 faatptionsusing
past trends. Recognising several research gaps eatherliterature and attempting to address them
this research intends to purgheee research questions:
1 RQ1: How and toward which direction have diets in the world evolved?
T RQZHow do structural factors influence the ev

1 RQS3: Is it possible to revert to a healthier diet?
To achieve the aim and to answer the research guestionsllémgrfg objectivesare 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/tinel 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 researctemploys the Food Balance Sheet (FBS) data collated by the Food and
Agriculture Organisation of the United Nations (FAGAO 2019b) Data are expressed in terms of
calories (kcal/capita/day) and available as annual series dating back to 1961. Although thed#BS rem
one of the most widely used sources of dietary A& 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 fo(FAO 2018; Vilarnauet d. 2019) The data will be analysed by a range of
econometric methods and statistical techniques.

This studyfirst examina the convergence in food availability using two popular convergence
testing procedures: sigma and beta convergengee@noveltyis the examination of the convergence
process for countries of different income levels, which shghit on the role of economic development
in dietary convergence. While convergence models of food consumption or food expenditures are not
rare in the fied (Blandford 1984; Herrmann and Roder 1995; Regtral. 2008b; Ogundari and Ito

2015) the approach adopted in this research differs in that various structural factors behind dietary



changes are included in the convergence specification. In this rasakmiys for showing, for instance,
that countries differ in these structural parameters and hence experience heterogeneous convergence

paths.

Second, cluster analyssappliedto detect distinct dietary types and dietary trends around the
world. This methodclassifies 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 tloel feconomics literature and it has been
utilised to indicate which countries are similar in terms of food expendi(id®e Healy 2014;
Staudigel and Schréck 2016) food consumption behaviou(&il et al. 1995; Balanzat al. 2007;
Azzam 2020)and how this grouping evolves over time (Walthoueteal.2014). Dealing with dietary
data that vary temporally, previous scholars either merge time series into one set of static data
(Blandford 1984; Staudigel and Schrock 2015; Sa#ow619) or apply clustering algorithms on
discrete time periods comparing the results between a baseline and aujplpmsiod (usually the first
and last year{Gil et al.1995; Di Lascio and Disegna 201If) contrast to prior studies in this research
strand,this analysigperforms the clustering task on the whatet of time sequences by adopting an
innovative time series clustering algoritiDisegnaet al. 2017) By grouping countries into distinct
clusters (or groups) of homogeneous trajectoriegglafrie 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 canwhpther there is evidence fdret
better dietary changes.

Finally, given thatmuchof the previousvork in the food economics literature has beetin
eithera crosssectional o time series contexthis analysis attempts to merge the two, bringhmg
spatial componenhto a timeseries frameworklemonstrang the value it adds to convergence and
cluster analysis. Does the countryds | ocation ma
the convergence process takes place over time and across space, it is reas@uaiolent for the
spatial dimension. As it has been shown in economics literature that rich regions tend to be surrounded
by similarly rich regiongAnnoniet al.2019) perhaps countries with higtalorie diets might likely be
located neacountries with similarly higkcalorie 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. Countrigg@uped 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 with otherwise would be hidden in a rspatial model.



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 theetical framework underpinning this reseaiictthe 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 evoddaarging
on the consumption of certain food items and therefore are becoming more similar ovEhtapter
2 then provides a review on the development of convergence theories which originated in economic
growth | iteratur e tapitaincomes nddorgrove fastenttamricleeseéongmes ¢
and event ual | themTkisaid faldwedubp & diseussiorhon 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 analysi
and discusses various methods for clustering static data as well as data varying over time and/or across
thespace. A later section @thapter 3 examines the application of cluster analysis in food economics
literature with a focus on food consumptiondies. From this arise several limitations of previous
studies and the need for further research.

Chapter 4 reviewsmajor confusions behind the concept of diet quality and the debate on
constructing diet quality indices. Several definitionsliet quality and the nuances in quantifying it are
introduced. The chapter continues with an overview of approaches in constructibefipesl diet
quality indices, the myriad of existing indices, different dietary data sources and the predictive ability
of diet quéity indices for health outcome&hapter 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 andsoffersnsights
into the evolution of global patterns of food consumption over the past half a century. Evidence of the
nutrition transition is identified in relation witbhanges in the consumption and composition of
macronutrients as well as main food segatesit wraps up with the meaningful correlation between
caloric changes and income growth.

Building on the evidence of the nutrition transition in the previous chadfitapter 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 consumptacross 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 countrisswélhgence



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 investigatthe major dietary trendand dietary types around the workh
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 cispéxamines the
role of the space in dietary changes and their trends. The empirical anal@iser 7 continues
with the application of a novel spatime clustering algorithm, which can account for the environment
conditions of food consumption.

Chapter 8 concludes thishtesis by offering somk&ey conclusions, implications for policy,

contributions to knowledge, limitations and directions for future research.



Chapter 2

Nutrition transition and the global dietary convergence

2.1 Chapter introduction

As countries develop drbecome on average wealthier, more urbanised and more open to global trades,
individual 6s di et s (®opkin 2006d)Cftent chdnges in disty anel activitya n g e d
patterns are paralleled by major demographic and-smtnomic dynamicdMasterset al.2016) Since

the last decade of the 2@entury, researchers across different disciplines (including food economics,
nutrition, and health) have widebdopted the concept 6fn ut r i t i owhentrefeaimgsdhd i on &
global shift in dietry patternstowards energylense foods high in fat and sugars and in reduced
physical activity These changes are reflected in nutritional outcomes, such as aveghgaie body
composition(Popkinet al.2012)

This chapter aims to provide a review of the literature on the nutrition transition. In doing so,
the nutrition transition mod€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 bMTih&, the current state
thatmostcountriesaroundthe world are experiencing is chatersed bythe convergence towardm
increased consumption oértain food items. The second major topic to be discussed in this chapter is
convergence theims and how previous researchers have employecdimceptof convergencen
exploring the dynamm in regional as well as international food consumption patterns.

The rest of this chapter is organised as follows. Section 2.2 presegatieys of theNTM,
evidence of the nutrition transition around the world, implications for human health and th
environment, and some comments about the usefulness of the model. Section 2.3 elaborates the role of
globalisation and other global underlying forces. SectiordBdusses some scholarly debates on the

issue of obesity around the world from food ecormnperspective. Section 2Zifiroduces popular
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conceptsof convergenceand summarises how thdnave been applied iprevious studies ofood

consumptionSection 2 wraps up with remarks confirming the rationale af tesearch

2.2 The nutrition transit ion model

2.2.1 Five patterns of the nutrition transition model

The conceptob nut r i t i owas drigimally €dined by Bary Popkin in the early 1990s to
describe major dietary changes that were observed worldwide in the last decades Bfcinat g

(Popkin 1993)Since then, a large stream in the literature has been shaped araurtdtiba transition
model(NTM), which identifies five temporal patterifsr stagepof dietary changes, nhamely Hunter
gatherers, Famine, Receding Famine, Degenerative Disease and Behavioura( Dieamgewski and

Popkin 1997) Most attention is drawn to the takree patterns, which are represented by most of the
global population todagPopkin 2002a)Figure 2.1 outlines five patterns of tN&M accompanied by

their most distinctive features. For the sake of convenience, these patterns can be thoughdicals his
developments; however, earlier patterns are not restricted to the periods in which they first arose but

continue to characterise certain geographic and ssmmoomic subpopulatiorfPopkin 2006a)

.............. Energy expended
Energy consumed
-~~~ Energy balance

Calories

————

———————

Pattern 1 Pattern 2 Pattern 3 Pattern 4 Pattern 5
Hunter-gatherers Famine Receding Famine Degenerative Diseases Behavioural Change
Low-income countries: High-income countries:

. _ Rising income ———l
Developing g Developed

Figure 2.1 Five patterns of the nutrition transition model.
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Pattern 1: Hunter-gatherers

The first stage is often termed theP a | a e matterntamdiisccbsely linked with hurigatherer
societies. Much of the research conducted for this stage isdrdacce with the modern hunigathers
due to scarce evidence for theqhistoric population. The diet characterised with this pattern is high in
carbohydrates and fibre but low in faspecially saturated fgTruswell 1977) The percentage of
polyunsatirated fat in meat from wild animals is larger than from domesticated ar(Batmet al.
1988) Physical activityevelis high, labowintensive work is dominant, and obesity prevalence is low.
Generally, the diet associated with this pattern is considered hdadihgver the frequent occurrence

of infectious diseases and natural disasters leads to very short lifeagxy€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 arisesE&8toitn and Konnefl985)andVargas
(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 statg@ordon 1987) Famine fletuates over time and space; however, some
societies prove to be better able to redugrger at least among uppelass citizengNewmanet al.

1990) This pattern of famine accompanied the development of agriciffakin 2001a)Physical

activity remains highand labowintensive work is dominangven though the types of activity vafgr

example from homemaking to agricultural production and animal hushandry

Pattern 3: Receding Famine

The diet associated with this pattern is characterised bycessise 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, 2006aPhysical 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 popslatm low

income 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 disesge®rm negative
impacts of the diet rich in fat, sugdout inadequate in fibre, have become perceptible over the past few

decade$WHO 2003) Sedentary lifestyle is observed with the shift from labiotgnsive work to office
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jobs in service sector. Most of middiend lowincome countries are experiencingagid move from
Patter 3 to Pattern 4, and this shift is of so great concern that it is usefallgd to asnutrition
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 activityls this anything me than a theoretical possibility@vinburnet al. (2011

and Swinburnet 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
reverse from a poor diet to a good obespite limited evidence, the healthier diets associated with
Pattern 5 are at least plausible because of the escalatingesociomic consequences of obefiyzati

and Riboli 2013) Otherinfluences (includingurbanisation, economic growth, technological advance,
and cultual factorg help to drive the transitiofPopkinet al.2012) These changes, introduced either

by individuals with a high level of awareness or by governmental policies, signal-adalgiansition

in dietary patterns which if it takes place will bolstéra u ¢ ¢ e s s prackss and improvehealthy

life expectancyManton and Soldo 1985; Crimmies al. 1989)

Returning to the NTM, two questions needbe addresseate (i) whethethe aforementioned
transition appliego all countriesover the world; and (i) whether the transition speeds are uniform
across countrie®erhapscountries are all experiencing the dietary transition but are at different stages
of the NTM, and as a relsuglobal diets are changing at varying speeds. IndBegkin (2002b)
discovers that the nutrition transition that happened in the West for a couple of centuries took place in
developingcountries withinjusta few decades.

Many researchersubscribe to the belief that the nutrition transition is closely related to
demographic and epidemiologidransitiors. In this regard, the latter processes occur simultaneously
or precede the nutrition transitigRopkin and Gordotharsen 2004; McCrackeand Phillips 2017)

The demographic transitiatescribes thehift from a pattern of high fertility and mortality (typical of

a preindustrial economic system) to one of low fertility and mortality (typical of modern industrialised
countries)(Kirk 1996). Rural dwellers migrate to peurban/urban areas and the labour force is less
dependent on manual jpbut demands highly skilled labour mostly in servizéented sectorfDyson

2011) Epidemiological transition, a phase of development ignited by medimavations 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 diseasassociated with urbaindustrial lifestyles(Omran 1971; Omran 2005)
Figure 2.2summarise the relationshipof nutrition transition in accordance to demographic and

epidemiologi@al changes apopulations move from one pattern to the n€amprehensiveetails are
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referred taAppendix A.For examplea pattern of delayed degenerative diseases hagdmmmised

recently along with a shift in aggpecific mortality patterns and a consequent increase in life expectancy.

As arguedby Burggraf et al. (2015) epidemiological transition often differs across countries and

regions since an ongoing

nutrition

cultural characteristics, which are clearly not transferrable to any other country.

transi

Demographic Transition

Epidemiological Transition

High birth rate High prevalence of

High mortality rate infectious diseases

Mortality rate declines Pestilence reduces
Changing population pyramid Poor environmental conditions

Nutrition Transition

High prevalence of

undernutrition

Receding famine

| S

Focus on family planning,

infectious disease control

Focus on fighting
against famine

Fertility rate decreases

3 . Chronic diseases accelerate
Ageing population

Diet-related non-communicable

diseases increase

Focus on healthy ageing
spatial redistribution

Focus on medical intervention,

policy initiatives, behavioural change

ti

(SourcePopkin(2002a)

Figure 2.2 Stages of health, nutritional and demographic change

2.2.2 Evidence of the nutrition transition

on

While the diet consumed by populations in many countries after the World War 1l was often home

cooked and contained mostly basic fommmmodities such as vegetables and tubers, this diet has

changed remarkably on the global scale over the past few deB&detford(1984)andPopkin(1993)

are among the pioneer researchers to advocate a universal shift from diets rich in staples and vegetable

source foods to diets high in meat, saturated fat and sugars but low itsfitoe the miel990s, there
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has beemounting evidence for suchtransition in dietary composition across countries to converge
on the secalledé We s &dietrcharacterisedy high intakes of refined carbohydrates, sugars, fats,
processed food and anirrsdurce foods whilst intakes ftiits and vegetables remain inadequate,
among othergPopkin 1993; Hawkes 2006; Kearney 2010; Pogkial.2012; Rontaet al.2018; Popkin

et al.2020; Wellset al.2020) It is pointed out byKhoury 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 welltknown nutrition transition portrayed theoretically Bppkin (1993)is established
empirically in countries across Agidhai et al.2014; Harriset al. 2020) Africa (Bosu 2015; Harrigt
al. 2019; Roushanet al. 2020) and Latin AmericgPopkin and Reardon 2018; Tumgisal. 2019)

Unlike the gradual transition thhtstoricallyoccurred in the bited Stateand European countries, the
transition speed has been more rapid in many lam@me countriegPopkinet al.2012; Ananckt al.
2015; Bakeeet al.2020)

Coupled with the nutritional transition, there are also shifts in the way foods are sourced,
prepaed (cooking methods), and consumed (eating behaviours) due to changes in preference for
convenience, price levels and culinary practig&spkin 2015; Reardoet al. 2021) To illustrate, the
traditional Chinese diet, which is considered relatively hgaltith foods mainly cooked by steaming,
baking or boiling, is increasingly being replaced by excessive fried {8daget al. 2008b) Eating
behaviouri a key determinant of dietary structurdas undergone a specific transition too. Snacking
habit, whch did not exist prior tdhe 1990s in China, has accelerated rapi@iai et al. 2014) In
addition, awayfrom-home eating has played an increasingly large role in diets of many developed as
well as developing countries, even among-iaaome populationgSmithet al.2014; Umbergeet al.

2020)

A topical theme regarding the worldwide dietary shift is the increased consumption of
processed foods, particularly in developing countiiee. NOVA classificatiorfMonteiroet al.2019a)
groups foodproducs into four categoriesdepending on the extent of processi(iy unprocessed or
minimally processed foodgji) processed culinary ingredient§ii) processed foods, (ivultra-
processed food productShe category with the highest degree of processilitg-processed foods,
now accourd for a significant, and in some countries the largebare of total energy intakesth
estimatesanging from 30% in MexicéMarrén-Ponceet al.2018)to nearly 60% in the United States
andthe United Kingdom(Baraldiet al.2018; Raubeet al.2018) This is a great public health concern
sincethesefoods tend to be high in refined sugars, sodium, saturated fat andetréPstiet al.2015)
while the excessive consumption of which is closely linked to obesity andetiée¢d NCDgPoti et
al. 2017; Nardocckt al. 2019; Raubeet al. 2020) The added salt, sugaand fat, along with other
sophisticated ingredients and manufacturing technologeesgadr e -@dlyotea bl ed pr oduct s
durability (longer shelf life), better transportability and largeale capability for distributiofMonteiro
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 seeimonomigyroups (Moss 2013; Development Initiatives 2020; OECD

2021) The expansion of processed foods has brougtgvaral 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 unikgal trends across global diets, one should not lose sight of
heterogeneity in dietary patterns. Firstly, both diets and dietary changes are greatly heterogeneous
(Imamuraet al. 2015) and there are many exceptions owing to the foods that drive theseeshang
differing by region. For example, as opposed to the general pattern in the world diet, Africans are indeed
consuming more starchy roots and pul@@sauvinet al.2012; Rawal and Navarro 20183 well as
fruits and vegetablg$ioldsworth and Landais 201 When it comes to animaburce foods and meat,
the overall pattern for European diet has shown an inv&rgldpe, and in fact, their consumption has
followed a downward trend since the 1988ans and Combris 2015)

Secondly, heterogeneity in diegachanges is observed across countries within a macro
continental area. Asia witnesses an increase in the consumption of animal fats and a gradual escalation
of sugar and sweeteng(iselly 2016) However, South Korea a higherincome Asian country, has
swccessfully retained many elements of a traditional (Hienh et al. 2000) Low-fat, vegetablecentred
traditional Korean dishes are still dominant, shaping a unique transition in this country. The higher
intake of vegetables as compared to other couniribg region is attributed to the conservative attitude
of Koreans towards food and the governmental effort in providing cooking classes as well as training
housewiveglLeeet al.2002) Likewise evidence of some resilience of local food cultures is documented
elsewhere, for instance in Colomiflaufour et al. 2015) the Caribbean regiofiPaddock 2017)and
IndonesigColozza and Avendano 2019)hus, it is not without proof that dietarlganges/preferences
are contexspecific rather than univers@gfiawkes 201Q)

Thirdly, heterogeneus changes can be found between urban and rural areas. The nutrition
transition literature differentiates urban from rural consumers, and shows that thef smemgy intake
from animaisource foods, fat and sweeteners for urban residents is larger than rural peers even in the
poorest areas of many leiwcome countriegPopkin 1999) For example, people living in urban areas
of China consume more mutton angkbthan in remote localities and the increase in the consumption
of processed foods is more robust in urban afZasuet al. 2014; Baiet al. 2020) Generally, urban
dwellers consume a more diversified diet with a greater quantity of micronutrientsiarad proteins
than rural residents but with considerably higher intakes of refined carbohydrates, processed foods,
saturated fat and lower intakes of fiftdawkeset al. 2017) Living in urban areas also raises the
likelihood of consuming foods awdyom-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 mattéré. A met al.(2020)observe some intarrban variations:
households in large metropolitan areas consume more processed foods and FAFH than households in

smaller noametropolitan urban areas.

16



Even though the nutrition transition signals converging trends in dietary pattecmslahe
globe, the concept of convergence is rather nuanced. For indBahkes and Frie{2014)find evidence
for regionallevel convergence in the consumption of processed foods but notable divergence among
Asian countries. Obviously, thé We s t & p ofidieta is experienced differently with no single
uniform transition across subpopulation&hile the consumption of a small number of food
commodities (often vegetable oils, meats, and processed foods) is converging worldwide, there is
widening divegence in the local consumption owing to the variegated demographic, cultural, socio
economic factors as well as branding and marketing techniques at regional, national and local levels
that shape dietary preferences and consumer defHamckes 2006; Imanraet al.2015; OECD/FAO
2020) Essentially, the assumption of identical taste across countries isg@idgiClementset 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 andfoottgious

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 worddhdlidhés has improved one
pillar of food securityi the production or supply of suffigie food to meet the aggregate energy
requirements of the populatigielly 2016; Godecket al.2018) The global rate of hunger declined
from 19% in 1990 to 11% in 2015 though the fall has been in reverse sindEA@pt al.2020) The
percentage of ghted children (under 5 years of age) dropped from 32.5% to 21.9% over the past two
decadegUNICEFet al.2019) In many countries, the intake of healthy food items (such as fruits, nuts,
seeds and polyunsaturated fatty acid) is on théMssterset al 2016; Rontcet al.2018) On the other
hand, the increased consumption of highly calorific and erdegge foods the most obvious
manifestation of the nutrition transitioopuld lead to a rise in obesity and dielated diseases such as
type 2 diabtes, coronary heart diseases and certain types of ciedb and Block 2012; Harrist
al. 2019; Harriset al. 2020) Poor diets are found to be associated with one in five deaths globally
(Afshin et al.2019)

Although the above doublkedged effects dhe 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
obsewe higher rates of stunting, underweight and micronutrient deficiencies but lower prevalence of
overweight, obesity and other NCOEPRI 2015)
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Besides, the environmental impact of the nutrition transition has been the subject of growing
empirical reseaitt, conceptual modelling, and commentafigleksandrowiczet al. 2016; Vermeulen
et al. 2019) Two major shifts concern the environmental sustainability include: (i) the increased
consumption of animadource products imow- and middle-income countiies (LMICs) whilst the
consumption level imigh-income countriegHICs) has barely reduced, (ii) the trend towards higher
consumption of ultrgprocessed food$opkin 2017)According toBryngelssoret al.(2016) the target
of limiting global warming to a twalegree increase seems impossible without further reduction in meat
consumptionThe environmental footprints of the trend towards higher consumption of asdmade
foods are established in terms of greargdegas emissions, land use, water use, and biodiversity loss
(see,inter alia, Zhaiet al.2014; Bodirskyet al.2020; Helleret al.2020) Moreover, these impacts are
likely to expand as the global food demand rises ragidignan et al.2011)

Due tothese 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, health
conscious and aging consumexgnethelessthis is currently rare, eveaimong HICs. Nonetheless,
sales data appesto indicate suclka demand in Malaysia anuppermiddleincome country with the
highest rate of obesity and diabetes in A&aromonitor International 2013entred at the core of
Pattern 5 is a healthy andssainable diet which balances the tradiEbetween health and sustainability.
Despite some interesting proposed frameworks, researchers have not agreed on a single definition of a
healthy and sustainable d{@arnettet al.2014; Bailey and Harper 201Steenson and Buttriss 2020)

The existence of suadiet 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 nto play? A recent LANCET report envisions that the journelatiern Ss via the so-called

fiGreat Food Transformationwhich will not occur naturally but requires mestector and mukHievel

efforts to maintain healthy diets among global populatidglett et al. 2019) It also forecasts that

the transformation could be achieved by 2050 if actions are taken urgehibyiniarther delay.

When the gloomy picture of the nutrition transition and its undesirable consequehcasam
health and environment becomes clearer, actions from policymakers, food industry and societal
organisations are expected. In reality, theyehbgen slow to take up the caybsawkeset al. 2013;
Swinburnet 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
accsss 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 agen@ldawkeset al.2015; Hysenet al.2017; Popkin and Reardon
2018) Broadly, programmes to support healthier food choicesareshapelu nd -t hac Rdbopol i ¢
approach(Giner and Brooks 2019)The first track consists of demasitie interventions aiming to
educate and provide information to change consumption patterns (for example viaffrank

labelling). The second track consists of suggitje policies focusing on voluntary collaboratiwith
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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 pphirate incentives are

misaligned (for example, rules on food advertising aimetiiédren). The fourth track consists of fiscal

measures such as consumption taxes on less healthy préflutisrehensive reviews gbvernment

actions to improve dietsan be found irstudies byGorski and Robert¢2015, Mozaffarianet al.

(20183, andBredaet al. (2020) In some wayfist r uct ur al change in diets
pri mal force not e as ({Délgador@3, p.39878)dprirtigle, choosirg whaine nt s 0
to eat is a matter of personal choice and citizens experieraedt private freedom rather than a
collective duty(National Food Strategy 2020Bovernmental bodies are therefore disincentivised to
tamper with t (MasorrandcLang?2027@ nds tast e

However, it does not mean thgdvernment success is nerisent. A well-cited examplén
earlier studiess Korea wher@ combination of largscale training of housewives in preparation of the
traditional lowfat high-vegetable cuisine coupled with strong social marketing pragesrhas helped
to retain the tradibnal Korean dietgKim 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 stalledA Compr ehensi ve He alirnclhdesPvariousot i o n
interventions such as the revisiand dissemination of dietary guidelines, the enforcement of
mandatory nutrition labelling on processed and packaged fdtmskin and Ng 2007)n addition,
initiatives toimprove the dietary education of theoaderpublic, by disseminating informatioon
agriculture, nutrition, health, dietary habits, and on both processed and traditional foods, have been
prioritised. For instance, in 201&)e country implemented programmes related to early childhood
education, local foodsarvest and ecefriendly faming experienc€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 enviror{Beméet 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 thirdtcagwad malnutrition in all form@opkin
2017)

On the supply side, major beverage companies through affiliations such-esaltiey Weight
Commitment Foundation, are avowedly changing the nutritional composition of food products via
reformulations, intoducing the new b e-fortyeor préducts and removing the less healthy ingredients
(Healthy Weight Commitment Foundation 2020) is ambiguous whether their proclaiming
commitments are actually being implemented and if they are to what éXget al. 2014) In the
meanwhile, no existing food composition database is able to keépdate with the continuous
reformulation of packaged fooddlg and Dunford 2013; Trakat al. 2020) While multinational
corporations may deliberately be engaged in suckement in some developed countries such as the

US, the UK and Canada, similar efforts in developing economies are n{&degjraan et al. 2012;
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Stuckleret al.2012) More importantly, it remains open to question if these business endeavours will
make any iginificant improvement on population health ddhow 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 proddesds(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 2007attern 1 of th&TM should be considered as an ideal vision
of huntergatherer societies as it does not mention seasonal food shortages. In Pattern 2, less diverse
diets are identified as the cause for shorter average statures; howenenertet al. (2011)propose
thatit might be due to infectious diseases as for a more densely packed population, diseases can hinder
the bodybds ability to absorb nutrients from food
in Pattern 4 is the increased consumption ot@ssed foods. Although a wealth of empirical evidence
supports this trend (see, for examdaker and Friel 2014; Laet al.2019; Sieveret al.2019) Walls
et al. (2018)advocate that the currently used proxy for diet (which is often food availalility)t
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 changeany country. Still, forward progress is being made.
Consumption of salt, sugarand fat from processed foods started to stagnate in few (Bikgr and
Friel 2014; Hawke®t al.2017; Sieveret al. 2019) and taxes on sugaweetened beverages as well
as regulations on food marketing have been introduced by some gover(uherdaffarianet al.2018b;
Cuadradcet al.2020) Despite the reality that the target of reducing obesity is actually off course and
no country has made progress in tackling obgBigvelopment Initiatives 2018pPopkin(2017, p.79)
states that ino country has truly attefopded to
consumptiono.

Another criticism related to the NTM is that it assumes a uniform transition across countries
from the earlier to the later stages of the nhodet, empirical evidenceeveals thal.MICs are
currently undergoing a different development pathway than what higb@me countries used to
follow (Schmidhuber and Shetty 2005; Murgtyal. 2015)

In addition, Lang and Rayné2007)argue that the ntel places stronger emphasis oising
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 trasitions in diet, physical activities and culture. Of paramount importance is the
conclusion drawn b®livier et al. (2008)that economic integration leads to cultural divergence while

social integration results in cultural convergence. The rationalatis@ale 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 the
transition process. While the contributing factors are mithifiod 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, itémtlaeoretical stages, and some evidence
of dietary changes around the world. Due to the pressing public health issues of the -melsitéah
NCDs that most developed countries and a rising proportion of developing countries are experiencing
today, it ismore 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 seleaveiteacledthat stage yet. If
the underlying factors of the nutrition transition amto 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 causeardittba. tr
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 {owome ountries(Drewnowski and Popkin 199Rg et al,
2008) . In additi on, gover nment 0s-sagefedsdfat,arsd di st c
sugars, making legumes, fruits and vegetables relatively more expensive to c{Dmwmmwski and
Darma 2005; Popkin 2008; Drewnowski 2009; Lang and Heasman 2Qtb)he other hand, many
authors connect economic globalisation, urbanisation, female labour force participation, and rising
income to the modernisation of food chéifopkin 1999; Dataet al. 2014; Duboiset 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 availality of less healthy foods (such as fast foods, soft driaks, precookedfoods),
promoting preference fahe6 We st er nd f oods through complicated
children, and raising indivi du anarkessvigemhmancingfeas c e i n
safety standard@raill 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.

21



Somedetailedreferences includstudies byTraill et al. (2014) Kearney(2010, andGarciaDoradoet

al. (2019) Nonetheless, there is an ongoing debate on the disentangled effects of these factors as well
as the transmission channel between tliesers and the nutritionelated outcomes. Some facets are
relatively understudied (for example the soetmiltural drivers of nutrition) and in general empirical
results are hard to obtain due to the interconnectedness and overlaps of underlying mechiaeis

pathway illustrated in Figure 2.3 serves as the conceptual framework for the subsequent discussion.

Globalisation Other global underlying forces
Policy L
- Trade openness - Rising income

- Trade policy - Foreign direct investment - Urbanisation
- Agricultural policy - Socio-cultural aspects — Increasing female employment
- Consumer policy (the flow of information and - Other socio-demographic

cultures) trends such as population aging
Integrated food system Changing food ! | Lifestyle factors
g | Food production 3 environment i | - The Internet
i - Food processing g - Food availability - The use of car
—& - Food retailing and the £ |- Food price i | - Job shift towards
| & | rise of supermarket § - Food promotion service sector
i | - Food marketing - Customer preferences

\ 4
NUTRITION SHIFTS
Consumption intakes Diet quality

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 8[World Bank 2020h) The international integration of

markets for goods and services, wdHocus 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 t is today. This process, known gkbalisation has long been considered a key driver of the
nutrition transition and its related health outcomes.

According toJenkins(2004, p.1) gl obal i sation is defined as A
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
conditionso. This definiti on manifesdatioasokgmlmlisationnt o t h
trade openness and economic liberalisation. Previous researchers link dietary changes with either a
growing trend towards foreign direct investmémhuch of which went into food processifidawkes
2006 Gleeson and Labonté 2020; Reardbal.2021)or the expansion of free trade agreements, which
enable the importation of cheaper but higher enedgnse foods from the industrialised world rather
than from the local domestic producti@rmow and Hawke2009; Thowet al.2011; Porkkat al.2013;
Bakeret 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,
investmemnand financial market@énya and Ohashi 2007%everal aspects of globalisation, including

both economic and neeconomic dimensions, are to be explored below.

Trade openness

The second half of the 20century witnessed a blossoming of various tradee@ments 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 governmenicties 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 les on locally grown producéPorkkaet al. 2013; Sahal Estimét al. 2014) 1 a
phenomenon known alietary dependend&ievertet al.2019) This could lead to greater availability
and accessibility of imported foods that are usually less heg@ltimykes 206; Popkin 2006b; Baker
and Friel 2014; Sievest al.2019) In Africa, for instance, trade in processed foods accounts for 30
60% of agricultural tradéBadianeet al. 2018) Previousstudes show that having a trade agreement
with the Unhited Statess associated with 63% higher soft drink consumption per cépitekleret al.
2012)and 0.89 kilogram increase in sales of ufiracessed foods per capita per anr{@owling et
al. 2020) Overdl, 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 fodGilgaleand
Brennan 2014; Ravuwet al.2017)

The increased exchangegdods 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 exporidricpdeads to
greater agricultural outputs thanks to the economies of scale and eventually homogenised global food
supplies are expectéBopkin 2006b; Khourgt al.2014; Ogundari and Ito 2015From the demand
side, global food markets facilitate thaport of goods across various ranges from healthy items such
as fruits and vegetablébdluang 2004}Jo unhealthful processed and wpeocessed produc(Stuckler
et al.2012; Schranet al. 2015) The effect of trade liberalisation on food price is momnglicated.
On the one hand, access to international f ood
shocks; on the other hand, there is higher vulnerability to upheavals in the global demand. On average,
the relative price of caloridense fods is loweredDrewnowskiet al.2010)

Regarding health outcomes, trade openness is found to increase total calorie consumption
(Zakaria 2014; Ogundari and Ito 201%nprove dietary diversity and qualifpithmer and Abdulai
2017) reduce the odds of being underwei@iaindiet al.2014) and alleviate food insecurif3arlow
et al.2020) This could reflect the positive impact of trade policies aiming at improving food security
and mitigating the influence of international pricekssi on the domestic price of staple fo@dson

and Fouad 2015)rade liberalisation, by exposing consumers to less healthy foods at usually cheaper

m:

costs and reducing the governmentds policy spac

introduce healthoriented schemg&leeson and Labonté 202@ often blamed to be associated with

the rising obesity prevalence and NCBskeret al.2014; Miljkovic et al.2015; Barlowet al. 2017,

Thow et al. 2017) However, no concrete conclusion has bemacthed so fagGarciaDoradoet al.

2019) This suggests that the availability and affordability of food products alone cannot ignite changes
in lifestyles and consumption patterns associated to NCDs. SurprigsiegBgysa and de Soy&017)
document a egative link between trade openness and obesity rates among younger groups of the

population. This is attributed to the added bonus of globalisétioigher rates of return to labour,

which provide strong i ncent i viegsto heathiepdietsaathes c hi |

lowering the rates of obesity.

Foreign direct investment

By definition, foreign direct investment (FDI) refers to a type of ctumsler investment in which an
investor residing in a country buys or establishes a lastiegesitin controlling over assets in another

country(OECD iLibrary 2020) This distinguishes FDI with portfolio investment in which the investor

does not have a direct cont(Everett2008)er t he busi ness

It is a common belief thathe agribusinesselated FDI has directed the diffusion of
transnational food corporations (TFCs) into the mafket processed and ultiarocessed foods,
particularly in lowefincome countrie¢Blouin et al. 2009; Thow 2009; Popkiat al. 2012; Gleeson
and Labonté 2020; Reardaat al. 2021) In turn, the food processing industry attracts an increased
investment in food marketing and food advertisi®jouin et al. 2009; OECD 2021) Trade
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liberalisation with increased exports of domestic goods and impididseign products and the opening

of national markets to foreign investment, supported by WTO, promotes the growth and power of
transnational food compani@idawkes 2005; GarciBoradoet al.2019) These large corporations have

the ability to lower therice of fast foods or soft drinks to make them more affordable and reach a larger
segment of the population. A study Bghramet al. (2015)uncovers a surge in the sales of sugar and
sweetened beverages after restrictions to FDI were removed in Vietham. A similar research design is
applied in the context of Peru Bakeret al. (2016)and the authors document a diversification in the
sales okoft drinks. The sales of bottled water, sports and energy dhitiemsebut those of carbonated

drinks stagnate. These inconsistent results could imply the role of branding and marketing in misleading
customer s6 demand f orinsugasbutiare oftdnrmarkeked as welalthycphoduats e h i
(Alsunni 2015)

Additionally, the expansion of the market for processed foods has fuelled the rise of
supermarkets in LMICs. According ®eardonet al. (2012) the historyod super mar ket r evo
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 iR tine mid
late 1990s; and the third wave occurred in China, Vietnadgia land 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
penetratng into many of the poorer areas on the pldRetardonet al. 2003; Bénéet 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 decadefReardon and Berdegué 2008&rocery sale from supermarkets have climbed up
worldwide, accounting for over half of total food sales from modern grocery retailers in 2019
(Euromonitor International 2020The spread of supermarkets has made a more diverse diet available
to a larger proportion dhe population. Indeed, supermarkets offer a much wider variety of processed
foods at lower costs thanks to the economies of scale in procur@aevites 2008; Bakest al.2020)

From the stance of large food retailers, processed foods with a longifghalfel prefered to fresh
seasonal food produg¢@how 2009) As such, the penetration of supermarkets in LMICs istafied

to create more accessibility to snacks andarsweetened beverageSBs) compared with high
quality fruits and vegetable@durtan-Wayaset al. 2020) thereby contributing to the nutrition
transition(Bailey and Harper 2015Nevertheless, there is no conclusive evidence of a significant and
direct relationship between modern market food expenditure shares and household idextsity &

well asdietary quality (Rupaet al.2019) Similarly, the link between supermarket food purchases and
the rising obesity rates is not empirically establisiedd and Dzewaltowski 2008; Debetaal. 2020)

Overall, FDI has been found to lassociated with the increased prevalence of obesity and
overweight in LMICgNandiet al.2014; Miljkovic et al.2015; Schranet al.2015; Bakeet al.2016)

This suggests that FDI is the main vehicle for food system integration by allowing the gre&ttr ma

penetration of TFCs through both vertical and horizontal integration, transformation of distribution and
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retail segments, advertisement and aataget to consumer tastéblerforth et al. 2019) On the other
hand,Sudharsanaat al. (2015)discover insignificant influence of FDI on the prevalence of diabetes
after controlling for population ageing. Baeumaret al. (2014)andde Soysa and de Soy&017)

find no relationship between FDI and overweight as well as obesity rates.sCtlodrs show that the
impacts of FDI on nutritional outcomes vary by seéidihalacheO'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 mkat 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 sfllers, increased wages, and improved nutritional outsome
(MihalacheO'Keef and Li 2011)

Sociacultural components of globalisation

Keohane and Ny&000)conceptualise three dimensions of globalisation: (i) economic, (ii) political,
and (iii) social. Economic globalisatiavasdiscussed previously. Politicictors, 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 thebmass movement

of information and altures, 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 infastructure, 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 consequenceotti@ globalisation allows a smoother
integration of TFCs, giving rise to demand for new prod(MtsChesney and Schiller 2003)ere, the
role of food marketing is crucial as it was pointed out that advertiingnstancevia TV, of foods
that are hgh in sugas, fat,andsalt stronty influences purchase decisions of children and their parents
(Hawkes 2007; Smitlet al. 2019; Kontsevayat al. 2020; Umbergeet al. 2020) Globalisation is a
contributing factor, but not the only one. Along with urlsaion, social globalisation is associated
with more abundant supply and consumption of cheaper but higlaie food productOrewnowski
and Popkin 1997; Popkin and Gordbarsen 2004)

In an attempt to demystify the potentially important role plaggdsocial globalisation in
nutrition and health outcomes, several researchers compare the effects afutaci aspects of
globalisation with the economic aspe@®oryakinet al.2015; Miljkovic et al. 2015; Costa~ont and
Mas 2016; de Soysa and deySa 2017; Oberlandet al.2017) Nonethelesdindings are mixed. Both
Goryakin et al. (2015) and CostaFont 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 iljkovic 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 transitionOberlandeet al.(2017)show that while economic globalisation is related to higher
BMI and prevalence of diabetes, only social globalisatiors$eeiated with the increased supplies of
animatsourceprotein and sugar The authors further argue that the transmission is channelled by the
improved flow of information via television and the Internet. On the contdergoysa and de Soysa
(2017) do mt document any significant relationship between social globalisation and obesity
prevalence after controlling for the economic globalisation as well as country and timeffeetd.

These nuanced results emphasise the interrelation of relevant fastbtieacomplication 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 globalisationgess has profoundly transformed various societal
dimensions which could indirectly impact the nutritional changes and nuiréiated health outcomes.
Globalisation has been linked with income groerg and Krueger 2003; Dreher 200@hich 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 labdansive to sedentary and knowledge
based jobgHuneaultet al. 2011) In contrast, integratioin global economy is found to improve the
returns to labour, encouraging further investment in health and leading to healthier diets and better
health outcome&le Soysa and de Soysa 2Q17)

Other researchers add more nuance to this debate by citingoltheof technological
development. According to these authors, globalisation is both a product and a driver of technological
changeqPopkin 2001b; Popkiret al. 2012) and both of them may collectively contribute to the
increased obesity prevalence. Thase 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 activityHawkes 2006; Belasco 2008h sum, indivduals 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 antaracteristics 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 stalledé f o o d )sould potemtidlly be a determinant of the

dietary shift. Environmental changes, for example thdingebf Himalayan glaciers or the collapse of
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the Atlantic Meridional Overturning Circulation, could impact food producf®entonet al. 2017)

Recent study shows that anthropogenic climate change has slowed global agricultural productivity
growth by roghly 21% since 196{1Ortiz-Bobeaet al. 2021) However, this effecis conditioned by

the degree afarket integration and the dependency of local food market on agriculture. For instance,
food market in rich countries is more integrated with internatiovakets and therefore diversity in
agricultural production is not as a strong driver of food supply as in poorer coRieiemnset al.

2014) The modernisation of food supply chain, from traditional mode (local, disconnected,- labour
intensive) to moder (long in distance, highly concentrated, vertically integrated, céapteisive) has

been in sync with a rise in dietary diversity and greater consumption of processeHferdoithet al.

2019) In addition to the abovementioned factors, other effead 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 popiHatic2020) This
perspective resonates with thep r o d u garadigm in the dido-late 20" century according to

which problems can be resolved by producing more foods (mainly staple grains, oilsasdgarimal
products) through more sophisticated meth@adey et al. 2011; DeFrie®t al. 2015; Bahaduet al

2018) As a consequence, thénasbeera substantial increase in th@balproduction and consumption

of certain foods (cereals, starchy root, meat, dairy products, oilseeds, and sugars) over the past half
century(Khouryet al.2014; Development Ingitives 2020)A diet comprised only of these foods would

lead tonegative health outcomes in the long term. Low consumption of fruits, vegetables, whole grain
fibre, nutsand seedsbut high consumption of sodium, processed nmaad sugars will most likely
exacerbate the rise of obesity and -detated NCDs that are already accompanying undernutrition and
micronutrient deficiencies, and will contribute to tteubleburden of malnutrition in the same country,
same household or individual in the same liferse(Popkin and Gordoiharsen 2004; IFPRI 2016;
Hawkeset 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 globalisatiotmer1980s/2010s has aled the food
environment by which customers make food choices in the form of food availability, food affordability
and food acceptabilityHawkes et al. (2012) propose three hypotheses on the nexus between
agricultural policies and consumer diets. Fitse 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 dagricultural 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 foodeagsh and innovation has resulted in a vast

market characterised by differentiated food products @ith d d e d whicka dowldesétisfy varying
individualised preferences, having the potenti al
guantfy of food products.

Rising income

Theoretically, the relationship between income and diet is establishBceby n e t, which dtatesv
that the share of calories from starchy staples declines as household incoifiémises et al. 1983)
Empirically, Hertelet al. (1998 andLaw 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 béted intakes are likely to have higher work
productivity and hence higher income earnings (commonly knoweffiaency wage hypotheges

Higher incomes also mean that people can afford a wider range of foods. For instance, rising
income per capita in tf20" century allowed Western European countries to replace bread and potatoes
in their diets with meat, dairy products, sugar, and (@isgg 1995, 1999)while highereconomic
resourcedn China in the mieo-late 1990s led to a greater diversity ofdamategorie¢Delgado 2003;
Garnett and Wilkes 2014vidence shows that countries with higher GDP per capita have higher total
sugar intakes and lowémcome countries are associated with poorer dRrifgpinet al.2020) A study
by Regmi and Mead€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 anisalirce protein continues to rise as incomereases. In
addition, increasing household incomes are likely to generate demarahifoatisource foods
(Cornelseret al.2016)andprocessed fooddMoodie et al.2013; Lawet al.2019; Milfordet 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 luxu(Mational Food Strategy 2020Yhis shift is
particularly applicable folow- and middleincomehousehold while highincomehouseholds increase
theirdemand for luxury goods (including health) s resultonsumption of meat and fateclines.
Thesepatternshelpto explain why obesity isnore prevalenin the wealthiesegmenbf the population
in low- and middleincome countriebut in low-income groups ofich 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 middlacome countries and 82% in higlcome countriesjWorld

Bank 2020c) Urbanisationi the shift from a population thas 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 settlemefiational Research Council 2003)s increasingly put forward as a
crucial deteminant of changing dietary patterns. Nonethelgmsempirical effects of urbanisation and

the underlying mechanisms through which these take place remain amkigdo@isA ratcali2020)

At crosscountry level, urbanisation is found to be associatad décreased consumption of
coarse grains but increased consumption of wheat and asimadefoods(Delgado 2003; Reardaat
al. 2014)as well as sweeteners and f@sewnowski and Popkin 1997; Popkin 1999)udies at within
country level report a linketween urbanisation and changes in cereal consum@&lgado 2003)
and animakource food¢§Rae 1998)In some segments of the population, urbanisation is found to result
in higher consumption of animaburcefoods, fat, sugar salt, and processeddds, engendering the
increased prevalence of overweight and chronic diséblsedset al.2019) However, evidence from
rurakurban migration in Tanzania does not support the association between urban residency and
increased consumption of anirgdurcefoods(Cockx et al. 2019) These nuances demonstrate that
dietary changes are not universal, but rather cosgetific, meaning that many maodifications in
dietary preference may not be attributable to urban living alone. In IndoGedizzza and Avendan
(2019)disclose some increases in acquisitions of ansoalce and readyade 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 elsangood 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. Thereare generally more choices regrading eating out or buying
processed/preooked meals thanks to the physical proximity of supermarkets, minimarkets and fast
food outlets and the types of foods they offeiawkes 2008; Cockxet al. 2018) Locally grown
prodwces 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; Moset al.2009) In addition, many resarchers subscribe to the idea that urbanisation
characterises different soetmltural food environment. In urban cities, higher rates of participation in
labour markets shift dietary preferences towards convenience over ¢Balggli 2007; Reardoetal.

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 urbédzaegs

and Bouis 2001; Regmi and Dyck 2001; Dapal.2007; Kearney 2010; Bosu 2013esides, there is

a literature strand advodag economic developmemather than urbanisaticas a fundamental driver

for changes in dietary patter(Regmi and Dyck 2001; Kearney 2010; Stagal.2010; Pandewgt al.

2020) These authors arggeh at it he di fference between urban a

consumption is not caused by wurbanisation and cu
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Increasing female participation in labour market

Several items ithe United Nations Millennium Development Go@lsited Nations 202(re centred
around the intention to raise gl obathemeanatoeness
improve population health and mitigate poverty. Since the United Nations Millarideclaration was
signed in September 2000, there has been a significant shift frotinpatb fulktime employment of
women in LMICs(LopezAranaet al.2014)

The additional economic earnings from maternal employment allow higher household food
expenditures and the purchase of enedgnse foods, all of which could result in an overconsumption
of energy(Oddoet al.2017) Traditionally, women played a crucial role in meal preparation and regular
shopping for fresh food¥Velchet al.2009) Recentrends in workforce and changing family structures,
including the growing economic participation of women, are likely to intensify time pressures and boost
demand for convenience foofsehlhar and Regmi 2005; Popkin 2006b; Dataal. 2014) Improved
femde employment raises the opportunity costs of food preparation, decreases the time women spend
on preparing and cooking foodBopkin and Reardon 201&nd generate preferences for processed
f oods t hatte atr & dctorhedadbig@nglaynd Dad 1993; Huang and Bouis 2001; Bourne
et al.2002; Mutlu and Gracia 2006; Anand 2011; Reareloal. 2021) Studies in the USA, China and
elsewhere document a significant reduction in cooking time but an increase in leisufedpkimet
al. 2012; Wanget al. 2012; Smithet al. 2014) Nonetheless, empirical evidence points to an
insignificant association of (MeadneSons®dza 20lipsl oy me n t

well astheir nutritional statugEsheteet al.2017)

To sum upSection 2.3globalisation 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 arntbsytonentdring 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 adequiteexplain the increase in obesity and overweight prevalence. There
seems to be more associated with FDI and the global flow of information in Lid@sg to food
marketing and advertising. Soedoiltural aspects have a profound influence on dietary rpatte
especially regarding the consumption of calories and fatsaddition to globalisation, various
development factors are proposed as drivers for the global dietary shift, including agricultural policies,
rising income, urbanisation, and female emplogié&evertheless, the empirical evidence and the
underlying mechanisms through which these take place remain controvhsiatistence of impacts
at varying degrees across sptpulations where the most vulnerable segments tend to be affected
disproporionately highlights the need to reduce inequalities in access to food and to develop targeted

policies which would protect the groups most vulnerable to adverse impdloesefglobal forces
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24 The literature on overweight and obesity

The lasthree 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 imgrtheémutritional status, the prevalence

of undernutrition rermains high and has increased recently (FAO 2021b). In the food economics
literature, such a phenomenon is known lesdouble burden of malnutritioit the coexistence of
undernutrition and overmgight/obesity in the same countries, communities and housef\Wid©

2017b) Previous studies have analysed the double burden in different geographical {(&egcios
example Hanandita and Tampubolon 2015; Logteal.2021; Nguyeret al.2021) But isit a universal
phenomenon or does it only inflict certain groups of population in both developing and developed
countriesBhrimpton and Rok{012) argue thahe double burden of malnutritiaffects all countries,

rich and pogrand is a particular coam in countries with high stunting ratékwever more evidence

is needed to better understand the socioeconomic driveieubfe burdermn different settingss this

would assisthe development of food and nutrition policies.

Up til now the duaburden has been primarily described as an urban problem, that is associated
with sedentWeasyt drinfiessattyiloensd, o6f di et s, andtalbobesog
2005; Jehn and Brewis 2009; Poplen al. 2012; KimaniMurage 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 (Foagal.2019).The authors analyse the
prevalence of double burdemiiural Kenya and document an individlewel 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 michéants. 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 theodible 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
OWesternisati on 0 esentedleya strony opcrgase in the comssmption o fats, animal
sourced products and processed foods, combined with an increasingly sedentary lifestgleatedft
to encourage the increase in overweight and obesity.

Evidence from empirical studiesahis that aross countries the prevalence of undernutrition
is strongly corr el a(svanbburnetialt2019; Nigenetmla202D; Popkinrtalwe al t h
2020). As a result, stunting andindernutrition tend to reduce as national incommproves.
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 literaturbacacterising 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 etucationa
attainment) has been proved to be a strong predictor of obesity (Sobal 1991; Sundquist and Johansson
1998; Picketet al.2005; CostadFont and Gil 2008; Drewnowski 2009; Fattal.2010; Ralstoret al.

2018; MathietBolh and Wendner 20200n average hie likelihood to be obese is high@sthe bwer
socioeconomic strataf societyin rich countries an@émong higher income groupslow- and middle
income countries(Shrimpton and Rokx 2012Higher economic development tends to shift obesity
burden fronthe rich to the poor (Dogbe 2021). Across counnesight gain tends to occur to same
sort ofindividualsexcept highly educated and poor people.

While the weight of an individual can be simply a conceptualised balance between the number
of calories onsumed 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 sabhanihave 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; Watlah2009; Nuttall 2015; Brahet al.

2017).

A growing bodyof literature has drawn attention to the role played by globalisation process,
especially the ways that changes in global socio| t ur al environments have
environment (Cost&ontet al. 2010; Ulijaszek and Schwekendi€k13). In this regard, economic
globalisation, particularly trade |l iberal- sati on
and middleincome countries (Drewnowskt al. 2010; Vogliet al. 2014). Cultural globalisation with
the increasig exposure to ideas and images from the West may encourage the consumption of fast
foods to sound mor etalfi20ly) Ehis satalled dogerdentydond dsyestems
theory(Fox et al.2019) places a stronger emphasis on underlying factomakte 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. Genekglspeaking, 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 experiencig domestic nutrition transition (Hawkes 2006). Even without the increased exposure to
gl obal mar kets or images of the OWesternd diet,
richer diet, processed foods and unhealthful local foods. Mod#omiss closely associated with a set
of devel opment variabl es including technol ogi ¢
empowerment. Development inexorably leads to health transitions, including the rise of unhealthy
lifestyles when disposable incorimereases (Fogt al.2019). In other words, theodernisation 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 Hwetiaged (Mathieu

Bolh and Wendner 2020). In the latter case, the overall burden of disease may increase before declining
owing to a doublalisease burden. It is possible that the relationship between economic development
and weight gain is not linear atttat at low levels of development BMI increases rapidly but decreases

at higher levels of development.

25 Convergence theoies

25.1 Beta versus sigma convergence

The term6 ¢ o n v e impliesnacdgn@mic 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 turgesea 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 tfee past two decaddMartin 2019) If this pattern
continues, developing countries willc a t avhh theipd@veloped peers in the future.

Several reasons have been proposed to explain why countries that were once behind the leading
economies will gpw more rapidly than the leaders. Accordingstmamovitz(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 replita¢e production methods,
technologies, and institutions of the richer countries. Simil&&ymol(1986)argues that technology
is a public good antis diffusion leads to convergence. If this model holds,uheonditional income
convergencavould 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 incoinereasedn both industrialisechind developing
economies, the growth rate was substantially higtrethe former group of countriéMartin 2019)

The concept of convergence wiagtially defined in development economics dmas been
examined extensively in regional studiasthe congxt of income. Two most pertinent convergence

theoriesncludebeta convergence and sigma convergence.

Beta convergence

Beta convergenckas gained its popularity among economists since the seminal paparrbyand
Salai-Martin (1992) In the simplesterms, 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 economigd wach
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the per capita income level of richer economies, a concept usually referred toadshiregup process

This concept is directly relatedtothe red a s si c al Sol Seldws195¢)aacardingtot heor y
which the source of convergencetli® assumed diminishing returns to capital. The growth process

should enable economies to reach alomgsteadystate level characterised by a rate of growth which

depends only on exogeneous factors (such as the rate of technological progress afatdatgromvth

rate.

When all economies are assumed to converge towards the samess&adsvel (in terms of
GDP per capita or growth rate) regardless of their initial level of output per capita, beta convergence is
said to bed a b s o(Batrd and Sai-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-stai@devel may @pend 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 saidto leen d i. Countriasa | 6
that have similar structural conditi®ffor instance technologies, human capita, population growth rates,
legal institution) tend to convergm their own steady sta®lankiw et al. 1992)

In addition to absolute and conditional convergence, the extant literature documents another
convergene hypothesis) ¢ o n v e r g .eCounteies shiarind shmilar structural characteristics and
initial factors (for example GDP per capita, human capita, preferences, public infrastructure) converge
with one another in the loagrm but need not converge dretsame equilibrium paitalor 1996)

Instead countries belonging to the same club move toward aspelsific steadystate equilibrium and
there is no convergence across different sets of equilibria.

To sum up, absolute convergence yields one equifibfor 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 converdgarce and Sala-Martin (1992)
usethe data on real per capita incorde, for a set of economié® ph8 ), and regress the average
growth rate over the interval between any two points in timando “Y on the initial level of

income. Specifically, the following nonlinear equation is estimated usindjmeear least square (NLS):

-1 |<j‘T 6 —— 1 Td% -5k (2.1a)
or: -1 (‘“T 6 —— 1 Td%  -§p (2.1b)

where- , ;  represents an average of the error termdetween times ando  “Y The constant

temis definedas® @ —— 1 T d o ,whichisindependent dlunder the assumptions

thaty & and® . In other words, the steadyate value¢y, and the rate of technological

progresseghare assumed to be the same across@uies. The lefhand side in equations (2.1a) and
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(2.1b) represents the average annual growth rate. Ifrt, then'Q p andQ p T,
indicating that the growth rate and natural log of the real per capita income in the beginning period are
negatiely correlated that is indicative of absolute beta convergence.

As shown in the study bSalai-Martin (1996a) the following linear growth equation could be

estimated using OLS approach:

-1 |J““T 6 p O 1idwm  -rr (2.2a)
or: -1 |¢“T 6 & plidy -7k (2.2b)

The reason to estimate equation (2.1) usinglim@ar least square (NLS) rather than the linea
version in (2.2) using OLS is that the estimated speed of convelfgeraaebe directly compared across
economies in the data set with different time lengths. In addition, the parametg2.1) can be
interpreted as the speed of convergence of ana@uy approaching its steadjate level. Regarding

the equation (2.2), the speed of convergé&nceuld be computed by solving the equalipy (®
— . The OLS coefficient estimate ( @ 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 earlyiqukr 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, thegermd (
appoaches zero, and as T goes to zero, the fermc§ approaches .

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 estineatelbotiiing model
(Salai-Martin 1996b)

- |“%h 6 —— 1 Tdw 105 -fr (2.3a)
or: -1 1 h%h 6 —— 1 1dy FOr  -hh (2.3b)

where®y, is a vector of variables that hold constant the steady statef Iféheémate is positive, after
controlling for®p, , the data set is said to exhibit conditional beta convergence.

Nonetheless, in several eirical studies, a simplified version of beta of the following growth

equation is often utilised to measure beta convergence:

-1 |“%h 6 T1idw 1o - (2.4)
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where-1 T €— represents econoni§ s growt h rate of real per capi
h

0 andd Yl T d¥ is the logarithm of economp s GDP per oc@gpindudesalt t i me

other factors supposedly affecting the growth ratés the error term. A significantly negativeis
indicative of beta convergence. The estimatedso indicates the rate at which regions apgnidheir
steady state (the convergence speed). i restricted tozerq absolute convergencis assumed.
Providing thaf is freely estimated;onditional convergends assumedlhe 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 theestingmethod ofconvergence clulprevious studiehave predominantly
estimaéda nonlinear timevarying factor mode(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 (aeeyng otherBaumontet al.2003; Le Gallo and Sandy
2006; Tselios @09; Liet al.2016)involve investigating equation @.in the light of spatial analysis.
There argoodreasons to believe that the omission of a spatial dimension from the analysis of regional
beta convergence process is likely to produce biasedgsésedfor exampleRey and Montouri 1999;
Fingleton 2003; James and Campbell 2013; Viegas and Antunes 2013; James and Campbell 2014; Diaz
Dapenaet al. 2019; Pietrzykowski 2019)irst, working with regional data requires addressing the
specific issue ofpatial autocorrelation meani ng that contiguous regi or
performance.As a consequenceregional economic variables are likely to be interdependent,
invalidating the OLS assumptions under which equatiof) {.estimated. Podsle solutions involve
including O0spatial l agsd into the model (to acc
depends on either the growth rate or the level of income of surrounding regions) and estimating spatial
error models (to accouiftr the possible systematic measurement errors due to the spatial correlation
of the variablesnot included in the model). Second, differences in the fundamentals of regional
economies raises the problemsphtial heterogeneityTo put it differently, theeconomic relationship
shown in equation (2) is not stable over the space, meaning that the true value of the estimated

coefficients ¢ ,T , and ) varies across regioms countries.

Sigma convergence

Unlike beta convergence which aims to detect@he a t -apb grocegssigma convergenceefers to

the reduction in disparities among regions over times $hown that beta convergence is a necessary

but nota sufficient condition for sigma convergenféoung et al. 2008) Economies can converge
towards one another but may be pushed apart due to random sBuols.the detection of beta
convergence relies on the estimation of an econometric model, some researchers prefer sigma
convergence as it dealsttvia 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 dexreas n t he &6éwi dt hd of i n
density. All income inequality indicators, which are also sigma convergence measures, are simply

statistics measuring the O6widthd of income distr
of sigmaconvergece i nclude the coefficient of wvariation

the Theil index, and the mean logarithmic deviatilach of these indices is introduced in the
subsequent discussion along with their relative merits as well as caveatamary of the five indices

is presented in Table 2.1. Being based on different concepts of inequalityuantb different
constructing formulas, these indices may not yield the same indication of changes in disparities over
time. Therefore, if the pmary interest lies on the evolution of disparities, it is crucial to analyse a

variety of indices.

Coefficient of variation

The wefficient of variation is a normalised measure of dispersion of the probability distribution. It is
calculated by dividing thetandard 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 countrieend signals sigma convergen(&aumol 1986) Also quantifying the
variability of the distribution, thetandard deviatiors, however, less preferdthan he coefficient of
variation as théormeris meaningless on its own unlésis accompanied by the mean.
The coefficient of variation (CV) measng regional inequality takes the following form:

v s —B

6 — (2.5)
wherew represents the per capita income of regjendenotes the average of regional per capita

incomes, and is the number of regions.

Gini coefficient

The Gini coefficien{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 morelstyualtion

and a high value indicates more unequal distribution. O 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 ecprtage. The Gini coefficient (G) is computed as:

B B s s

"0 (2.6)

wherew andw represent the per capita income of regiand regiork (Q 'Q, wdenotes the

average of regional per capita incomes, @rig the number of regions.
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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 measureme(onfort 2008) To illustrate, a Gini coefficient computed on
the basis of five 20% quantiles (low granularity) wilbst 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 coeffic{@fibnsoet al.2015)

Atkinson index

The Atkinson inlex(Atkinson 19701983)is a popular welfardased 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 abiléynphasise movements in particular

segments of the distribution. The Atkinson index (A) can be calculated as follows:

6 p -B — h ph (2.7a)

6 p -B h ph (2.7b)

wherew represents the per capita income of regiaddenotes the average of regional per capita
incomesy is the number of regions, ands an inequality aversion parameter.

The Akinson 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 dilaginsg no income at all.

As can be seen from equations (2.7a, b), the value of the Atkinson index depends on the degree
of s o avergidan fo énequalityf ) which is a theoretical parameter set by the researcher. A higher
value off involves greater willingness by individuals to accept smaller incomes in exchange for a more
equal distributionBellu and Liberati 2006b)The value of the Atkinson index cae mterpreted in
terms of the equally distributed equivaleih 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 mequality aversion parameter, the Atkinson index becomes more sensitive to
changes at the lower end/left tail of the income distribution (low incomeaseases and approaches
1. As the level of inequality aversiprdecreases and approaches 0, ttkien&on index becomes more
sensitive to changes in the upper end/right tail of the income distribution (high in¢sfimeso et al.

2015) An important feature of the Atkinson index is that it can be decomposed into -vatitn

betweenrgroup inequalityi aproperty known adecomposabilityShorrocks 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 thentropyclass of inequality indices. lhérmodynamics, entropy refers to a measure
of disorder. Applied for income distribution, entropy can be interpreted as a measure of deviation from

perfect equalitfBellu and Liberati 2006aA generalised entropy inequality index is given as:
‘0Q — -B — p (2.8)

wherew is the per capita income of regigrwis the average of regional per capita incomes,laisd
the number of regions

The formula (2.8) defines a class of indices since the if@&x can take different forms
depending on the value of In theory, the parametercan take any possible real valuetbib .
However, in practice, is often set to be nenegative, i.g.  TSince for a negative value |ofthis
class of indices is undefined if regions with zero incomes exist (). A positive] represents the
weight assigned to distances between incomes at different parts of the distrdmdicaptures the
sensitivty 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 Jarbereas it is
more responsive to what happens at the lower tdliledincome distribution for a positive and small
(Atkinson and Bourguignon 2015)he GE index can take values between OHendero corresponds
to perfect equality and a higher value corresponds to a higher level of inequality.

Of especial interestra the two inequality measures when p and 1. 'OQp is called
ATheil 6s TO ©he il dhalil¥gentelfOOT i s cal |l ed thefhdae i | 6 s L

logarithmic deviation T hu s, the Theil ds index ancdgutedhse mean
follows:
"00p -B -1 1- (2.9)
"O0mn -B 11— (2.10)

wherew is the per capita income of regigrwis the average of regional per capita incomes,laisd
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 fulgcomposable, meaning that inequality may be disentangled by
population groups or income sources which can be useful to policyn{@eths and Liberati 2006a)

A main limitation is that both indices are undefined if there are zero incomes.
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Table 2.1 Main characteristics of five select sigma convergence measures.

Measure Range Main features
o o Sensitive to changes in the mean, particularly when the mean
Coefficient of variation [0,1] | .
is near zero.
Gini index [0, 1] | Sensitive to changes in inequality around the median/mode.
) ] Sensitive to changes in lower or upper tails of the distribution
Atkinson index [0, 1] ) ~ )
depending on the fiaversion t
o 1 Gives equal weightacross the distribution.
Theil index [ O,
1 Does not have a straightforward interpretation.
o o 1 Sensitive to changes at the lower end of the distribution.
Mean logarithmic deviation| [ O, _ ) _
1 Does not have a straightforward interpretation.

25.2 Applications of convergence theaesin 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 (@tedk and Winfield 2013)
energy consumptiofiMohammadi and Ram 2012, 201 4nd obesity level$Li and Wang 2016;
Kasman and Kasman 2020; Betl al. 2021) In food economics, the focus has been put on testing

convergence in food demand. In terms of convergence methodolegidier studies have been

conducted at both micrand macrdevel. Micro researchefgnguloet al.2001; Regmi and Unnevehr

2006; Regmiet al. 2008b; Nowak and Kochkova 2011; Erbe Healy 20dwstly employ food

expenditure

dat a

on food items in househol

d

food

convergenceo0) . (Hdtamann and Réeer £985; EHshee and Hartmann 1998; Wan 2005;

Borkowski et al. 2008; Ravallion 201;20gundari and Ito 2015)tilise 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 countrie®landford(1984)examines dietary trends in OECD countries from 1960 to 1980
and finds that thealoric consumptiomot only appearto reach a ceiling but also becosress

responsive to changes in income. The author documents a growing trend in the propemierypf

from animal products and a tendency for dietary structure of OECD countries to become alike. In a

similar attempt but utilising food expenditure d&agmi and Unnevel{2006)uncover convergence

in total food as well as cereal and meat consumptinang 18 OECD higincome countries. This is

attributed to the highly standardised food delivery system at retail level and the increasingly
consumer @Genivadsanet al.€2606)&unhdr explore theecureemtc e s .

food consumptin patterns in OECD countries and find that the majority are incompatible with the

homogeneous

WHO dietary recommendations, primarily because of excessive fat and sugar intakes. Nevertheless,

41



some improvement is documented¥dgzzocchiet al. (2008)and the authors pert 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 cauies.

At the global perspectiveRegmi et al. (2008b) show significant convergencie food
consumptioracrosst7 high- and middleincome countries during 1999004 ,and thathe convergence
speed has slowed down. The authors conclude that -npgdte-income countries are converging
towards the same food expenditure level as OECD countries while-foigddle-income peers are
approaching a lower steadyate level. Their findings also support the argumePRobpkin(2006a)that
middle-income countries aradopting less healthy food item®&uth asneat, dairy, sugar stimulants,
and soft drinks) that are prevalenttlire diets of highincome counterparts. FurthermoFeazaoet al.
(2008)provide an estimate ranging between 16 and 21 years for tHdé&if other words, the number
of years required for progress halfway towards the ststatg 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 othgmpe of food expenditure, with a hdife estimate of 9 years.

In contrast to the above studies standing from the demsidedperspectiveBenthamet al.
(2020) point out to partial convergence in the national supply of arsmatce foods and suganut
divergence in the supplies of vegetables, seafood and oil crops. Also analysing the Food Balance Sheet
data fromthe 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 focuskdioury et al. (2014)is to evaluatethe similarity inglobal
diets without testing any convergence theory or implying about convergingAliegsent attempt to
guantify the (sigma) convergence in global patterns of dietary consumption is put forvizeti dtyal.
(2021) Comparing across various foods andrients, the authors conclude that the convergence of
fats and animasource foods has increased more rapidly than other foods and nutrients such as fruits
and vegetables, zinc, iron and vitamin A.

Digging into the determient of the increasingly similapatterns offood consumption,
previous researchers largely agree on income growth and globalisation of the food retail and
foodservices(Blandford 1984; Frazaet al. 2008; Gerbenteeneset al. 2010; Kearney 2010;
Schneidert al. 2011; Brunelleet al. 2014) Economic theory suggests t h:
food changes in predictable ways as income rise:
demand for food is less than one and therefore, other things being equal, the share of ianbore sp
food declines as income risé€lements and Si 2018WAnother important economic baseline is
Bennettos | aw, which states that food compositio
increasing demand for fruits, vegetables, vegetaitde and animasource food¢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 tiid nmnane hr
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2004; Martin 2018) Also, social globalisation contributes to convergence in tagéézenman and
Brooks 2008)

A greatamountof previous research efforts is spent on relating the convergence in food
consumption patterns to the integration witttie European Wion (EU). For the EU, economic and
institutional i ntegration has |l ong beenup&onsi de
process among its member countries is of paramount relevance and any evidence of convergence across
national borders woulgsupport the implementation of common policies across countries. In the existing
literature, the issue of convergence withive EU is usually examined from a macroeconomic
perspective, for instance using GDP per caf@abral and Castellane&®osa 2019)productivity
(Sondermann 2014and inflationraté Br o § and Kldtlleattentian h&s Gee@paid to living
standards across countries. As pointed outMay (2005) consumption convergence directly implies
declining inequality in accessibility tmod that is an indication of integrated living standards across
regions/countries. Analyses of food consumption would assist governmental agdvweonmental
agencies in designing policies, infrastructure development plans and marketing strategies, Besi
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 expaiture for the living standard of an average household in a given
country, Dudek (2014) discovers ad ¢ a t -apb pratesstaking place in EU27 as well as EU15.
However, the author does not find evidence for sigma convergence in EU15. A large number of
resarchers 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; Sojkova and Matejkova 2001;
Schmidhuber and Traill 2006; Sengul and Sengul 200@lke the abovementioned researché&nde
Healy (2014)reports an increasingpefficient of variatiorin the food expenditure patterns, suggesting
(sigma)divergence in four Western European countries (thiteldKingdom France, Ireland, and Italy)
over the period 1982005. However, when lItaly the outlier with a strong tradition in preparing food
at home as compared to the modeéisramodedfaomthagudyo ut 6 |
sample, convergintgends are predominant. Despite the mounting evidence for conveagiegnsof
food consumption in the EU, dietary differences still exist, for example between Mediterranean and
nonMediterranean countries, Southern Europe and Northern Europe. Agansadkdrop of the
significant convergence in soegonomic factors or even consumption at regional IgVeWwak and
Kochkova 2011; Otoiu and Titan 2015; Michail 202@hy should the food consumption not be
completely converged?

Some researchers pointaaltural and individual differencgd@raill 1997; Gracia and Albisu
2001; Sengul and Sengul 2006)early, culture affects consumer behaviour, and cultural diversity can
resist pressures from foreign travel, media, telecommunicatitesfactors thatra closely linked with

globalisation and are believed to bolster the process of homogenising global food ¢@diertander
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et al. 2017; De Sousat al. 2018) On the other hand, individuals hold different values, resulting in
diversified food preferencesd 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, arstiyléecharacteristics, 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, consymederences and other
factors stated iMdemand theory, some authors raise their concern over the validity of the absolute
convergence results when these factors are not consittedann and Réder 1995; Srivastaval.
2016) They argue that statisticests 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 ba$soeiating
convergence/divergence with longn changes in consumer preferences. Other authors recommend
consideing other factors besides those mentioned in demand theory, for instancejesocigraphics
(Erbe Healy 2014; De Soustal.2018)

To sumnarise, the existing literature has identifiediriging similarity intotal caloric supplies
anddietary structur@cross national border@) convergence ithe consumption of caloric intakaad
certain fooditems. Despite the paramount importancecofvergence 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 glob@Kleuely et al. 2014,
Azzam 2020Benthamet al.2020; Bellet al. 2021} yet, formal convergence testing has bdargely
missing This fact reinforces the significance of the current research and the contributions it adds to the

existing literature.

26 Chapter conclusion

This chapter ans to review thexistingliterature on the nutrition transition and the associated dietary
changes. Although the nutrition transition model was originally developed @athel990s by Barry
Popkin to describe five distinct patterns of diet and lifestythe ternmutrition transitionis commonly

used to refer to the shift from traditional diets towardsé&h&/e s Gdiet(Pattern 4- Degenerative
disease) that is rich in fat, sugameat and processed foods but low in fibre, and accompanied by
increasingly sedentary lifestyleBrivers forthe nutritiontransition are manifold and often involve a
wide varietyof economic, social and cultural factors with the complex interconnectedhe impacts

of underlyingforces such as globalisation, rising income and urbanisation are well described in the

literature.Nonethelesghe underlying mechanisms through which these take place remain ambiguous
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As there is mounting evidence fitlve dietary changes across the glabe negativémpacs 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 whichrésl cen
around Pattern 5 (Behavioural change) is necessary to inducestaigechanges 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 dvelop and become further globalised. There is a wealth of evidence for the increasing
similarity in national food supplies that is indicative of convergen@®msumption otaloric intakes
and certain foodtems. Having said that, research studies da tbpic are datedmainly focus on
developed countrieand only few studiesmake connection to the nutrition transition literature. Few
studies are conducted to examine food consumption patterns at the globahdsveVver formal
convergence tesig has beenlargely missing Realising this gap in the extant literaturas tiesearch
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 playadole.i A challenge of
employing global data lies in the nature of data varying across space (countrieg@imde. In order
to address this issue, this research utilisstatistical techniquealledcluster analysido summarise
and describe globalets 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 selror a natural structure among observations based on a set of complex features.
The most commonly used technique for this purpostuger 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 aclusterand the process of assigning observations to groups is referredlust@sing If
this task isdone correctly, these clusters can be characterised byptiodile T a summary of what
members of a group are like in terms of the origiaailables used for clustering purpos®bservations
in one group may have consistently high values on s@meabks 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
analyseall originalvariables at once.

This chapter aims to present a general review on cluster analysis and to highlight the suitability
as well as novelty of thisnethodfor the current research. Section 3.2 lays down the conceptual
definitions and mairsteps involved in cluster analysis. Section 3.3 introduces methods for clustering
static data with a focus on both conventional methods (hierarchical -Ahelalis clustering) and the
evergrowing literature on fuzzy clustering. Section 3.4 and 3.5 loakustering methods for time
series and spatial data respectively while Section 3.6 surveys methods for clusteririjrspaeda.

Section 3.7 examines the application of cluster analysifoda economics,focusing on food
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consumption studied.imitations of earlierstudies 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 ¢lusters) of objects so that objgdn 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 maximisinthe heterogeneity of objects between clusters (Figure Gotijnack(1971)
introduces the properties of internal cohesion (homogeneity) and external isolation (sepanadion)
argues that clusters should exhibit high internal (witirster) homogeneityand high external
(betweeRcluster) 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.

A A A aee

A A RN
A

Maximise between- T
cluster dissimilarity —

. Minimise within-cluster

. . dissimilarity

Figure 3.1 Visual illustration of cluster analysis.

Cluster analysis is amnsupervisedechnique to discover groups in data, and it should not be
confused withsupervisedearning methods in which the groups are knaypriori and the aim is to
condruct rules for classifying new individuals into one of the known groups. For supervised learning
methods (such as regression or classification), one is given arpitadfires @ fvo /8 o measured
on0 observations and a response variabédso measured ondtsame) observations. The goal is
then to predictousingc oo /B fro . An example of supervised learning is weather forecast apps which

rely on some prior information (such as humidity leead 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 emajlavordin
the senderd6s address), filters out an incoming
the goal is to try to predict a vector of continuous outcomes (the temperature in the first example) or a
binary classification (normal email verssigam in the second example). In contrastutiupervised

nature of cluster analysis implies that there is no rule for the initiation of classification, and the groups
are not knowna priori (Budayanet al. 2009) For anunsuperviséd task, the researchemly has

information on a set of featurest 8 ho measured o observations, and he/she is not interested

in predictions because there is not an associated response varimsiead, the goal is to discover

interesting patterns about the memsnents o foo B Fro . 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 biomedicdieegeaforms

cluster analysis on a data set consisting 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 somaknownheterog@nous 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 analysiee two most common unsupervised learning

methods both techniques pursue the same objective of exploring structure in data. However, cluster

analysis groupsbjects(which could be units, countries, firms, individuals, or behaviours) whilst factor

analysis mainly concerns with groupimgriables Beside, the groupings in factor analysis are based

on patterns of variation (correlation) in data whereas cluster analysis performs the groupings on the

concept of distancéHair et al. 2014) Some differences in these two procedures are highlighted in

Figure 32. Assume that a set fffeatures @phech8 hd ) measured of objects is given. Cluster

analysis seeks to assignobjects into0 clusters 0 0 based on th@ features. The results of

cluster analysis indicate the membership of each objexzdb 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 variablasféatures in this case) into fewer number of facior§O n that

are representatives of the original features. Factor analysis returns the factor loadings (a number ranging

from-1to 1), with the loadings close+tbor 1 indicating that the factor strongly influences the variable.

To illustrate, X1 has large positivedding (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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Cluster Analysis

Factor Analysis

INPUT | Factorl I I Factor2 |
Xl X2 .. Xp /—-7{\
Object 1 X1 X2 ... Xp
Object 2 Sl Object 1
Object 2
Cluster2
Object N
Object N
C v ;
: Classify 1 i Classify
. Rows | . Columns :
OUTPUT B L
Cluster]  Cluster 2 ... ClusterK Factorl Factor2 ... FactorH
Object 1 1 0 0 X1 0.7 0.0 -0.1
Object 2 0 1 0 X2 -0.2 0.8 0
Object N 0 0 1 Xp 0.5 -0.1 0.3

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

Step 1 Step 2
Variables selection Selection of a
(and transformation) distance measure

Step §
Step 6

Interpreting the
Profiling the clusters

cluster results

Figure 3.3 Stages in cluster analysis.

49

Figure 3.3.

Step 3
Applying a clustering

algorithm

Step 4
Validating the

clusters




Step 1. Variables selection (and transformation)

The aim of cluster analysis is to partition a seh afbjects intab groups based on the similarity @f

objects for a set of specified characteristics. This aim should dictate the selection of variabtes use
characterise the objects being clustdredausenly variables that relate specifically to objectives of
cluster analysis should be includ@dair et al. 2014) Cluster analysis has no means to differentiate
relevant from irrelevant variables and Igie 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 reflsttitture 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 fdahe 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 containals i ¢ questi ons ab edemographieprofie s p on d ¢
(such as age, gender, marital status, accommodation postcode, job sector, etc), and the second part is
related to the responde n tstring)weaerdnteyof peocamiefood i t ur e
products. In selecting the appropriate variables for a cluster analysis, the researcher should not utilise
the sociedemographic questions in the first part but the questions in the second part instead because
they are r el at e dding behavticurelf trefaodekpenditune questicnpaee 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 Simjiping patterns
within each of the groups.

Despite the long history of cluster analysis, previous research has focused mainlytonifige
clustering algorithms and review articles mainly explore the wide range of variables that can be used
for the bais of clusteringDolnicar 2003; Tumat al.2011; Ernst and Dolnicar 2018j survey data
are utilised, it is common to contain variables that do not necessarily contribute to the clustering solution
and they are referred to asisy variableslt has been shown that irrelevant (noisy) clustering variables
negatively affect thguality of the clustering task since they not only mask the cluster structure leading
to less homogeneous clustéBolnicar et al. 2014) but also increase the dimensionality of the data
making the clustering task substantially more comldajibabaet d. 2019) As a result, prior
researchers have proposed variable selection approaches to reduce the number of clustering variables
(Carmoneet al. 1999; Brusco and Cradit 200br methods that simultaneously select the most
influential variables and groupdividuals(Dolnicaret al. 2011; Dolnicaret 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 multicollihe&r a serious issue

in regression analysis as it is difficult to estimate the relationship betweemxgaahatoryariable
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and the response variable independently and consequently the beta coefficient estimates are not stable,
the problem is differenin 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 resldtbheauvery good partition.
A certain number of observations measured on a specified humber 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.h€ 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,
Dolnicaret al. (2016) point out that no matter high correlation occurs agnall variables or among
groups of variables it can decrease the performance of the clustering task.

The basic data input for most clustering methods igithery multivariate data matrix,

containing the variable values for each object to be cluktgreen by:
E @

A é E é (3.2)
E o

in which the elemerd denotes the value of theth variable on objedb . is normally called a

6 t amo d da@d matrix sincés rowsand columns refer to two different things. The variables @an

be continuous, ordinal, categorical, or a mixture of these, and can include missing values. Sometimes,
the rows oftd 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 tsth@dardisedor scaled to have: (i) standard
deviation of 1 and { meanof 0, before any clustering algorithm can be applied. This is of paramount
importance if variables are measured on different scales (for instance kilometres, myems).
Without this procedure, the dissimilarity measures (discussed in Stalb 12 distorted. Nonetheless,
standardisation is criticised as it might remove some natural relationships in the scaling of variables
(Aldenderfer and Blashfield 1984Yarious approaches to standardisation have been proposed in the
literature (seeamongothers Milligan and Cooper 1988; Jajuga and Walesiak 2086) often the

formula for data standardisation is given as:
3.2)

where® 'Q £Qxi is a function of mean (or median)@falues, and & & €an be standard deviation,

interquartile range, or median absolute deviation.

Step 2. Selection of a distance (dissimilarity) measure

The concept of similarifgistance is fundamestto cluster analysis as one should determinedhhaM o0 s e 6

or howo f ar objgrta are t6 each other before performing any groupings. Many clustering tasks
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start with and 0 onemode matrix, which contains elements indicating the quantitative meafsure
closeness (also referreddistance/similarity/dissimilarity Two objects aré ¢ | whertlbe pairwise
distance (dissimilarity) measure is small. Distance measures can be decided either directly (from a
dissimilarity matrix) or indirectly (from a tweode data matrix); however, the latter method is
common in practice.

Many clustering techniques start by converting the-taamle data matriinto ant 0

matrix of interobject dissimilarity matrixO, given by:

o T Qo0 o Qo hw E Qw ho )
Ol Qo s Qo E Qo fw
O Qo w Qo T E Qo fw (3.3)
1 é é & E a o
o Qo b Qo W E T ¥

whereQ @ R  denotes the quantitative distance measure betweand® . Ois calledonemode
matrix sinceits 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 diiff@tterns 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 objefittair et al.2014) The most common distance measuane listed in
Table 31.
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Table 3.1 Common dissimilarity measures for continuous data.

Distance Rationale Formula
Q ofto B ®

with x and y are two data vectorslehgth n

Euclidean | A squared error distance

Manhattan | An absolute value distance Q oftd S® WS

A generalisation of Euclidean distan

Minkowski | (wherei ¢) and Manhattan distang Q o B sw ws withi p
(wherei  p)
. B o dou o
Qi p _E L.
Pearson | Measures the degree of linear B w o B w w
correlation | relationship between two objects where af® ¢ @Q denote the mean of x and

respectively

Spearman | Calculates the correlation between f{ Qaw - p - : - -
_ . B o o B w
correlation | rank ofcwand the rank o
wherew |1 ®édandw 1 GEdQ

Measures the correspondence betw

the ranking ofwandwvariables. Begin

by ordering the pairs bgvalues. Ifw Qufy  p 5
Kendall andware correlated, they would ha Ei € p
correlation | the same relative rank orders. wheret , & are the total number of concordant pg

For eachw, count the number ab and discordant pairs respectively

 (concordant pairsgnd the number o

@ (discordant pairs).

Step 3. Applying a clustering algorithm

Cluster analysis is a data exploratory taghe and different methods present different views of the
same set of daf@eisch 2006) A range of clustering algorithms have been established in the literature.
Details on clustering methods for static data, time series, spatial data, argpéiceedata are to be
presented in the next sections.

In general, clustering approaches in theréiture can be categorised into distance/dissimitarity
based methods and modesed methodéEveritt 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
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objects belong to the sar cluster if they have the same specific density functirftypically 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. Follow@hgrradet al. (2014)

clustering validation statics can be grouped into three categories:

1 Internal cluster validation measureshich use the internal information of the clustering

process to assess the goodness of the cluster results without reference to external information. These
statistics cand®dused to determine the number of clusters and the appropriate clustering algorithm for a
given data set. The widely used internal cluster validation indexBuhe index|If the derived clusters

are compact and wedleparated, Dunn index should be maised(Dunn 1974)

9 External cluster validation measuredere 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 Agljtieted Rnd index
(Hubert and Arabie 1985)

1 Relative cluster validation measuresich 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 avalble indices or methods that have been proposed in the literature. The most

common ones includelbow methodsilhouette methqdandgap statistics

It is noted that the aforementioned methods for cluster validation are mainly applied for
distance/dissimdrity-based clustering methods. For medaked 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 stepach clusters examinedn terms of the clustering variables and other
additionalvariables Average/weighted average values of these variables are computed for each cluster
and vsual tools like boxplot areften used. A name or a label could be ass@jto each cluster to
reflectdistinctnature ofthe identifiedclusters.

The profiling step involves describing the characteristics of each cluster to explain how they
may differ on variou$eaturesVariables, which are not previously used in the chirsigorocedure 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 tochuster. 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 clustearulé 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 categani® four types, as summarised in

Table 3.2. The most popular techniques aremerarchical 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, whi
. not necessarily an object member to be cluste ] ) ]
Centroidbased _ Non-hierarchical clustering
Data points argrouped based on how close they

to the cluster centre.

Data points closer to each other in data space
Connectivitybased | more similar than data points farther away. Clus Hierarchtal clustering

are formed based on their distance.

Data points belong to the same cluster if th
o observed values come from the same probah _ )
Distribution-based o Gaussian mixture models
distribution, whose parameters are unknown

need to be estimated.

. DBSCAN (Densitybased
) Clusters araepresented by areas of higher den _ )
Density-based . ) spatial clustering and
within the data space as compared to other regio o ) _
application with noise)

3.3.1 Non-hierarchical versus hierarchical clustering

Non-hierarchical clustering

Non-hierarchcal methods aim to group observations around a centre and observation units are
organised int clusters, wheré is preselected by the researcher. The two most popular algorithms
in this category ar&-MeansandK-Medoids both of which are partitiad (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 agentroid (which is simply the average dhtapoints in the clustefiMacQueen 1967)

To illustrate sing formula, kMeans algorithm aims to minimise the following function:
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O B B. & ° (3.4)

wherevis the total withiacluster variationp is the prespecified number oflustersw is the data
point(object)in clusterd hand‘ is the cluster centroid (or the mean value of points included in cluster

0 ). The rationale behind this formula is that each object is assigned to a cluster so that the sum of
squared distance of the observatiar) fo the assigned cluster centroid Y is minimum.0, 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 clustens)to be identified.

Step 2:Select randomly (not actual) objects being the initial cluster centroids.

Step 3:Assign each object to the group with the closest centroid. This adetdrenined on the
basis ofthe (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:lteratively repeat Steps 3 and 4 until the algorithm convergesr( 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. Th&-Meansalgorithm then goes through all the aatoints and
depending on which cluster is closer, it assigns data points to one of the three cluster centroids (Figure
3.4a). Next, the algorithm +ealculates the averages of all tti@tapoints in a cluster and move the
cluster centroid to the new avgeposition (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, prespecifying the number of clteys is a challenging task, and in practice it is
usually the case that the researcher rumddéns algorithm on different valuesif and therchooses
the optimald on the basis of cluster validatiomeasurs. Elbow, silhouette an@AP statistics are the
most common method&lbow methodiepicts a line graph of the total withdtuster sum of square
overarangeabval ues. This graph would typically | ook
indicates tle optimalv . This method receives a wealth of criticism for its ambiguity, and an alternative
is theaverage silhouettéRousseeuw 1987A silhouette, constructed for each data point, measures the
clustering quality for thadlatapoint. The idea is to amputethe average silhouet{éor the whole data
set)for varying values ob, and he optimal number of clusters is the one that maximises the average
silhouette

Specifically, the silhouette measu(g€aufman and Rousseeuw 1990d&H) data pointi is

computed as:

iQ — (3.5)
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where® "Qis the average distance betweeand all other data points within the same cluster. It
measures how walllis fitted into itscluster.d "Qis the minimum average distance 66 all data points

of other clusters. Generally speakingQlies in the range-1, 1]. If the value of "Qis close to 1, the
heterogeneityofd s cl uster i s s ma liiseonsiderddaore well ckassifiesl.gféhe at i on
value ofi "Qis close to-1, the heterogeneity dbs cl ust er i's | ar gieis t han
considered to be poorly classified. WHei2 T, the pointi is on the border, meaning that it is not

clearif i should have been assigned to the current or a neighbouring cluster.

The average silhouette widththe average of thie "‘Qover the entire data siis given by:
0 Yo -Bi Q (3.6)

Unlike the twoabovemethodsGAP statistic(Tibshiraniet 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 elbbtype behaviour in the plot of the optimised cluster
criterion against the number of clusters (Kdy$he withincluster measure is the cluster criterion.
The idea is to standardise the graph dfd¢ against the number of clusters, by comparing it with its
expectation under an appropriate null reference distribution. The null distribution @n¢héhat
produces a clearly unclustered data set. For this purpo%#, éetnote 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:

e

oH» v Olie 116 (3.73)
wherew B —B v Q (3.7b)

An example is given in Figure 3tb illustrate how to select the optimal humberchfsters
using the three methods discussed sorfaeK -Means algorithm is run with the number of clustérs (
varying from 2 to 10. The e l0b orwuggess thabfokolustért h  t he
solution is the best partition. TI®AP statisticwhichis maximised ab T also suggests fotaluster
solution. The silhouette methoowever recommends threeluster solution because the average

silhouette reaches the maximum whien o.
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Figure 3.5 lllustration of elbow, silhouette and gap statistic methods.

Finally, it is worth mentioning that the cluster centre #Viéans algorithm, i.e. the centroid, is
a fictitious notion, which is just the averagedatapoints in the cluster. Howevén some applications
it is desirable to have the cluster centre to be one of the data points itself. This is whekéetth@ids
(also known a®AM T Partitioning Around Medoidscomes irthe picture(Kaufman and Rousseeuw
1990a)

PAM is a clustering algrithm related to KMeans and aims to partition a data seh afbjects
into 0 clusters, and each cluster is represented by one of the data points in the cluster. These
representative points are callededoids (or exemplars). The PAM method searches dor
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 sawsito noise and outliers thanMeans since it uses non

fictitious medoids as cluster centres insteadearfitroids (which are average®assambara 2017)
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Similar to K-Means, kMedoids algorithm requires the number of clustars {0 be predefined.
Various approaches mentioned earlfefbow, silhouetteand GAP statistic methodscan help to
determine the optimal number of clusters.

The procedure of the4#ledoids algorithm is as follows:

Step 1:Specify the number of clustens)(to be created.

Step 2:Select randomly of the( 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 distancebetween the object and the medoid.

Step 4:For each medoid and each data poiatassociated to that medoid, swapndé¢, and
recompute the average distancé o6 all the data points belongingdo. Select the new
medoid¢ with the lowest avege 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 naquire preselecting the number of clusters, and involves the following

steps:

Step 1:Given0 objects to be clustered, assign each object to a cluster. This resultfuisters
from 0 given objects. Let the distances between clusters be the sathe distance
betweerdataobjects 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@tts are grouped into a single cluster of ize

This procedure demonstrategyglomerative hierarchical clusterings clusters are merged
iteratively. Divisive hierarchical clusteringloes the reverse process by starting with grouping all
objects intaa single cluster and then repeatedly 8ptitthem into smaller clusters. In practice, divisive
hierarchical clustering methodl&sss common

The result of hierarchical clustering method is a-tvrased representation of the objects, known
as thadendrogam. 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 algod#rives 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.

Cluster Dendrogram
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- I e

Figure 3.6 Example of a dendrogram in hierarchical clustering.

P

Given an intetobject dissimilarity matrix, hierarchical clustering methodn 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 objecteads to be computed. Various techniques (knowimleage schem@s
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 givdashd¢bkimn 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 Visual illustration
Single linkage The distance between the clos A T, A
(or nearest neighbour)| members of the twolusters A L
) The distance between the memb A A
Complete linkage a2 A : A
) that are the furthest apart (mg \ A
(or furthest neighbour) | A
dissimilar)
ot A
) The average of all distances betwe ™
Average linkage .
all pairs A A
] A A
o The distance between meamctors A 2
Centroid linkage ) ' , o
(centroids) A L A A
R . . . A A
War d 6 s me| The increase in sum of squares with a
( A
(or minimum variance) | clusters LN A A

Pros and cons of norhierarchical and hierarchical clustering techniques

For the purpose of comparison, only the most wideslgd norhierarchical algorithm, KMeans, is
mentioned in the subsequent discussion. However, many characteristiesl@rté method to be
discussed also apply for-Kledoids procedure.

It is shown thathe K-Meansmethodis more flexible and performs better with a large data set
than hierarchical methaedEverittet al.2011) The latter haa maindisadvantage that once objects are
merged with others into a cluster, they cannot be removed from thagrclust

However, kMeans algorithm depends strongly on the starting selected centres because they
are based on iterative procedures. Thus, runningiWe#&ns algorithm twice on the same data set with
different starting centres may result in two differentisohs. The less clear the hidden data structure,
the larger the difference between two solutions. From this point of vieMge#&ns is an unstable
algorithm. The reason is related to the possibility of finding at each run only a local and unstable
solutionrather than a global oried | o ¢ a | prablem(Jained &.1999) Another limitation with K
Means is that the number of clusters is required in advance, which is often unrgalistt 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 (orcrisp clustering, an object belongs to one and only one cluster (Figure 3.7a). In soft
clustering (offuzzy 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 diffeesnibership degreeanging
between 0 and 1. Points close to the cluster centre may beldhg cluster at a higher membership
degree than pointsearthe edge of a cluster.
K-Means and KMedoids, which are crisp clustering methods meaning that the membership

degree of an observation belonging to a cluster is one and of an observatiolemginbeo a cluster
is zero, can be regarded as special cases of the Fuligalds and Fuzzy #ledoids (also known as
Fuzzy CMeans and Fuzzy-®edoids).

Fuzzy clustering was first introduced Bgzdek(1974, Bezdek(1981)andDunn(1973) and the
literature on fuzzy clustering has been considerably expanded thence. Fivzsns is one of the

most widely used fuzzy clustering algorithms, and its procedures are quite simitdearks method.

/ \ /,,‘..,\-.\.

/ \ iy

(a) Hard clustering (b) Fuzzy Clustering

Note:eachblackcircle represents an objeand 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 adpfsmed number of clusts.
Similar to KMeans method, Fuzzy -Kleans also requires the number of cluster$ {o be pre
determined by the researcher. UnlikeMéans algorithm in which a data object can either wholly
belong to a cluster or not, each data object in Fuzidans nay belong to many clusters according
to its membership degrees.

For a set of) objects and) clusters, Fuzzy KMeans algorithm attempts to minimise the

following function:
B B 6 Q o (398

where® is the data vectop is the centroid of th¢-th cluster;6  mtfor all"Q phgf8 i) ; and
B o p. The membership degreés are unknownQ o denote the distance between the

data point and the cluster centiiejs the6é f u z Zalsb kn@vn @parameter of fuzzinesand affects
the final membership distribution. In the case of crisp clusteding p.
The membership degree is inversely relatetthéodistance to the cluster, and is defined by the

following equation:

6 — (3.9)

R
The cluster centroid in Fuzzy-Kleans method is the mean of all points wesghby their
degree of belonging to the cluster, as follows:

. B
W 3

(3.10)

Details of the algorithm are listed in the studigsdathaway and Bezdgk 988, Yang(1993,
andBaraldi and Blond#1999)

The steps imolved inFuzzy K-Means method are summarised as below:

Step 1:Select the number of clusters)(

Step 2:Start with a set of cluster centroigs Q phch8 i) .

Step 3: For all data vectore) ("Q pfgf8 A ) and all cluster centroid® (Q phgf8 RO ):
calculate the distance between the data point andusccentroidQ oo .

Step 4: Compute the membership degeeusing equation (8). Note thab Ttindicating
the degree of association of daiawith the centroido, andé is reversely related to the
distance Q whd so that if Qwhd Qof , thend 6 (with v

o8 ATHR

64



Step 5:Recalculate the cluster centroiiaising equation (30).

Step 6:Repeat Steps-3 until the membership degrees no longer change.

Fuzzy K-Medoids

Fuzzy K-Medoids (Krishnapuramet al. 1999; Krishnapuranet al. 2001) is another popular fuzzy
clustering algorithm. For a set 0fobjects and clusters, Fuzzy KMedoids algorithm attempts to

minimise the following objective function:
B B 6 Q o :B o6 pnNo = (3.11)

wherew is the data vector) is the medoid (a representativetal object) of th¢-th cluster;6 is the
membership degree of th¢h object to thg-th cluster;d is the fuzzifier’Q whid denotes the distance

between the data point and the cluster medoid.
The objective function (21) can be solvedybthe means of Lagrangian multiplier method, the

solutions are as follows:

6 — (3.12)

Comparing the two widely used fuzzy clustering methods (Fuzieldns and Fzey K-

Medoids), some comments can be made as below:

() Following Fuzzy kMedoids, each cluster is represented by an observed exemplar object
(medoid$ instead of the fictitious representativeiitroids which aresimply the average) in
Fuzzy K-Means. The pasbility of obtaining a nofictitious representative offers more
appeals in the interpretation of the final cluster regiflsaifman and Rousseeuw 2009)

(i) Fuzzy K-Medoids algorithm isisuallyinvariant 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)

(i) Fuzzy K-Medoids method is slightly more robust than Fuzzigans and is more resistant
to the presence of noise in the d@arciaEscudero and Gordaliza 1999; Estidlastro and
Yang 2004; Kaufman and Rousseeuw 2005; GdEstauderaet al.2010) Thisis because a
medoid is less affected by the presence of noise or other extreme values than a centroid.

(iv) Solving equations (31) and (312) involves an exhaustive search for the medoids, which can
be computationally intensive for a large data(stgharajet al. 2019)

(v) Since medoids always have the membership of 1 in the cluster, raising this membership value

to the power ofr is always equal to 1. Hence, the mobility of the medoids can be lost when
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a is large. For this reasokamdar and Josi{R000)suggest a value between 1 and 1.5 for
a8

Advantages of fuzzy clustering

In the literature, many authors put forward different reasons for adopting fuzzy clustering approach

(D'Urso 2004; Hwangt al.2007) Major motivations include the following:

(i)  Fuzzy clustring algorithm is a distributiofree proceduréMaharajet al.2019)

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

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

(iv) The memberships for any given set of observations indicate whether tlaesedsnebest
cluster almost as good as the best clustarfeature that crisp clustering methods cannot
provide(Everittet al.2011)

(v) Another advantage of fuzzy clustering over crisp clustering methods is that the cluster
membershigproportiors can be conveniently combined with other information. For example,
the memberships can serve as weights in calculating the weighted a&tagetattimore
etal.2019) or they can be considered as probabilities in the formula relatedte Bayet h e or e m
(Everittet 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 assortmentiisafplines, time series clustering attracts a growing
interest of researchers and particularly fheest two decades witness a considerable number of
contributions to the topic.

Facing time series data, the researcher has two options. The first ordivigl¢ 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 faeexampleDi Lascio and Disegna 20L7Another
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approach is tgperformthe dustering on whole time sequences. Following lditter 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:

© ®dQ pfBHop pBRY (3.13
For multivariate time series (onultivariate time trajectorigs the data usually imply a three
way structure 6units I variables 1T folovsmeso6, and c
®  dQ pfB HOQ pMB P pwB ARY (3.14)

where'@iQ andd denote the object, quantitative variable, and time respectively. The observation

represents thgth quantitative variable observed for théh object at timed. The multivariate time
series data matrix for theth object is as follows:

® 8 o 8 o |
o A ~ .

. II‘e 8 ‘e 38 e Y]

w IW 8 ('0’ 8 w 1 (315)
11é 8 é 8 é 1
L 8 o 8 w ¥

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 aroutite 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 tiecomegQ
ph8 i My pfB kt 11, whereGandod denote the country and time indexspectively. Figure 3.8a
shows 200 lines in a 2D plane. Each line represents theecadmrsumptiorfor each country and the
horizontal axis shows the time (3@ar period).

Otherwise, he/she could perform the same task but from the multivariate tinsepsesigective.

In this case, the o6units I variables I times?d
macronutrients (protein, fat, carbohydradte) I ye
w dQ pMB g i pB hol pfB K 1T where "@iQand 6 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) dmesvi@ia
macronutrients).

Commentaries on historical developments and taxonomy of time series clustering methods can
be found instudies byCorduas (2010), Fu (2011), Esling and Agon (20L& (2005, Aghabozorgi
et al. (2019, Caiadoet al. (2019, D'Ursoet al. (2016, andBagnallet al. (2017) Broadly speaking,

the clustering task of univariate and multivariate time series could be adopted by three main approaches
shownin Figure 3.9.

67



(a) Univariate time series

(b) Multivariate time series
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Figure 3.8 Geometric representation of data array for univariate and multivariate time series.
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Figure 3.9 Time series clustering approaches.

68



Observation-based clustering

Following this gproach, conventional clustering algorithms such abldéns 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 particuleflyl wsth short time series
(D6Urso and Vichi 1998; Coppi and D'"Urso 2003;
Izakianet al. 2015)

Feature-based clustering

In this case, clustering algorithms are performed on suitable features derived frorgithe time

series. Several features have been selected and can be categorised into:

1 Time domain features including autocorrelation func@tonso and Maharaj 200®'Urso
and Maharaj 2009) inverse autocorrelation functioiCaiado et al. 2006) quantile
autocovariance functiofLafuenteRego and Vilar 2016; Vilaet al.2018)

1 Frequency domain features such as periodog@aiadoet al.2009) coherencéMaharaj and
D'Urso 2010) and cepstraMaharaj and D'Urso 20171)

1 Wavelet featureB/Nanget al.2008a)

Model-based clustering

This approach assumes that time series generated from the same ungatigtigalmodel exhibit
similar patterns. Clustering algorithms are performed on the parameter estimates or on the residuals of

the fitted models. Several models have been comsidarthe extensive literature, including:

ARMA and ARIMA (Maharaj 1996; Kalpakistal.2 0 0 1 ; @& &l.R013 o
GARCH (Caiado and Crato 2010; D'Ursbal.2013; D'Urscet al.2016)
Extreme value¢D'Ursoet al.2017)

Kernel(Mikalsenet al.2018)

=A =4 =4 4 =

Tail dependence and copul@3e Luca and Zuccolotto 2011; Di Lascio and Giannerini 2012;
Duranteet 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 s#pdudgfting or

switching nature of time seriéB'Ursoet al. 2018). To illustrate this switching nature, a multivariate
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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 faldivia
period.

BesidesD'Urso (2005)indicates another motivation foring fuzzy approach for time series
data, which is greater adaptability in defining firetotypetime seriesA é p r o t is the gbjedd
whose characteristics are exemplar of itslu 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 oo muc
different patterns from each other. In this case, the fuzzy approach glewsssibilityto single out
the underlying structures, if these are likely to exist in the given set of time series. These motivations
are justified in the studs byCoppi andD'Urso (2003, D'Urso (2004, D'Urso and Mahargj2009),
Maharaj and D'Urs@2010, 201}, andD'Ursoet 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 ardetuately effectiv@ontero and Vilar 2014;

Di Lascio and Disegna 201 7Realising this shortcomingarlierresearchers have proposed different
approaches to define an appropriate dissimilarity measure between time series. FMlomtgrg and

Vilar (2014), the distance measures in time series clustering methods can be classified into four classes:
featurebased, moddbased, complexitpased, and predictieimased. Table 3.4 compares these four
types of distance measures.

Even though there are previoatempts to compare existing dissimilarity measures {eee,
instance Keogh and Kasetty 2003; Pertega and Vilar 2018 most appropriate measure should be
chosen according to the nature of the clustering and the specific purpose of the gifdopiegp and
Vilar 2014) Thisis toensure 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.

complexity of time series

Batistaet al.(2011)

Distance measres Rationales Studies Advantages
1 Allows dimensionality
Compares serial featur¢ Galeano and Pefia | reduction
Featurebased extracted from the original tim{ (2000, Caiadoet al. | § Features can be
series (2006) obtained il
straightforward manner
Assumes that time series g 1 Can detect clusters of
generated by specific underlyin different sizes
Piccolo(1990,
Modelbased models and evaluates i ) 9 Cluster results are
o i Maharaj(1996)
dissimilarity between fitteg independent of variable
models scaling
Assesses the level of
) Compares the levels ¢ Keoghet al.(2007), . .
Complexitybased shared information

between timeseries

Predictionbased

Two time series are similar
their forecasts for a specifi

future time are close

Alonsoet al. (2006,
Vilar et al.(2010)

More practical if the real
interest of clustering lies|
in the properties of

predictions

3.4.4 Dynamic Time Warping distance

Dynamic Time Warping (DTW) algorithm was first proposed in 1970 in the context of voice
recognition (Velichko and Zagoruyko 1970but has been increasingly employed in time series
clustering context as a more suitable alternative to the traditional Earcldlstancglzakianet al.
2015) Given two time series, the DTW locally stretches or compresses them to make one resemble the
other as much as possilfeerndt and Clifford 1994)After stretching, the distance between the two
series is calculated by samng 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 calleadvarping functionand aims to realign the time indices of the time series.

Givenao q u €or tgsh serie® whoB ho andad r e f esereadc ecdho B ho |
with length0 & & Trespectively, the total distance between the two time series is computed by the
6war pi nThe wampihghpadth allows to comparelea&lement i with the closest element i,
and is defined as:

a phetB A
%o 0h% & with % o N pfB D
% 0N phB RY

%o 01 (3.16)
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under two constraints:

() Boundary condition%ep  php and%o0 0RYN
(i) Monotonicity condition% p E % & E % 0 ,
and%o P E %o O E %o O .

The warping function%. and%. remap the time indices dfand respectively. Giveféq the

average accumulated distortion between thewanpedtime series is computed as:
Q ohd B Q% ah% a & axd (3.17)

where & & is a perstep weighting coefficienf) is the correspuding normalisation constant

which ensures that the accumulated distortions are comparable along different pasieris!

usually the Euclidean distand&iorgino 2009) As there are multiple warping paths, the DTW

algorithm seeks to find the optishwarping functiofee®t %0 dh% & hd& ph8 RO such that:
oW [ ED o (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 pa$sitdéstancé® Ghd
inequation(3.8 i s the DTW distance, oAsimpeexabpeisgivemal gl ¢
in Figure 3.10 to illustrate the idea of aligg two time seriesA 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 distarce 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 mentionegD 6 U resah (2019a) are indicated subseently. 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 instantaneousl amriational 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 distaneecoamphted for
time series of different lengtfisa feature that Euclidean distance is not capabf@/ahget al.2019)

Third, no assumptions are required regarding the data distribution (for example, stationary or non
stationary), hence DTW distance can be directly calculated for raw data. Next, DTW distance compares
time series based on a matwyone (and vice versa) stead of a onéo-one manner adopted by
Euclidean distancéGiorgino 2009) Finally, DTW distance can recognise time series of the same
shapes even after they are transformed by shifting or sc@liagsisiet al. 2012) This feature is
illustrated in Figue 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
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computationally demanding than Euclidean distance. In general, DTWaistoften combined with
K-Medoids, fuzzy KMedoids and hierarchical methods in time series clustering f@eastance

Izakianet al.2015; D'Urscet al.2018; Leeet al.2018; Liuetal.2 0 1 8 ; @a@.RPO0 & 6a; eDoUr so
al. 2019b)
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Figure 3.10 Aligning two time series.

3.45 Copulatheory

For random variable® and®with continuous marginal cumulative distribution functi6@sw and
"O & respectively, let the joint cumulative distrint function be denoted b afto . Copula
function is cl| os el ySklar&95% acemdingttcowhi€hkhera is & unique boputar € m

functiond 6h that connectéOafd with 'O @ andO & as:
Oawy 6 'O RO W (3.19a)
or equivalenthy 6Fb  "O0"O 6 KO U (3.19b)

The copula functio® 6h) is therefore said to be able to capture the dependence structure between
the random variable®d andd.
I n the multivariate context, the Skl 8086s t heo

can be expressed in termstbofmarginal distribtion function"O and the copula function as:

OB B 60d BHRO® BHO & (320
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forall B o ko N 'Y , with 'Ydenoting the extended real line. Equation §Bduggests that

any joint probalhity function "Q8 can be split into the margins and the copula, and that the copula
represents the structure of association between random vari@étesise othis unique feature, the
copula has been widely adopted in various disciplines to captiyttamic patterns of time series.
There is a vast and growing literature on copulas that explores the dependence structure between
different financial market§Bedouiet al. 2019) the cemovements among stock pricsenech and
Vosgha 2019; Xiao 202@y the crossmarket transmission of shocks in finar{d@a et al. 2020; Yang

et al. 2020) In food economics, copulas have been adopted to investigate im@wements of crop

price during extreme market circumstan¢@snmer 2016)and to study the risk spibvers between
energy and agricultural commodity markélset al.2018; Adhikari and Putnam 202Gt the micro

level, copulabased decomposition methods are used to assess the determinants of nutrition transition
in Vietham regarding the consumption of macronutri€fitsh Thi et al.2018b)

Traditionally, the concept afependencandco-movemenis 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 capturiigesondependence
structuregDi Lascio and Disegna 201 ®urthermore, 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 asgebsirassociation between financial asset
returns which tend to have failed and skewed distributiorf8dhikari and Putnam 2020Another
limitation of the traditional correlation coefficient is that zero correlation does not imply independence
(Di Lasdo and Giannerini 2012)or two random variables and®, zero correlation only means null
covariancao ¢ @ T, whilst the conditioroé ® O R @&  mfor any functions 8 and
» 8 is needed for a conclusion of zero dependence. Copuldsearttier hand offer a flexible and
more robust measure of dependence and permit asymmetric din@@ndependences. In addition,
copulas are not affected by strict monotonic transformations (logarithmic and exponential) while the
traditional correlatioroefficient is not invariant under such transformati@srante 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 thmosement or dependenbetween random

variables: the EchetHoeffding copula bounds. For any copélahy , the following bounds hold:

© o 6o O o (3.22)
wherew 60 G ®®d O pht andd 6 | ET1o6h are thelower and upper bound
respectively, and these bounds correspond to the cases of extreme dependency. Specifically, the
FréchetHoeffding upper bound is the cemonotonic copula and corresponds to the perfect positive

dependencé 6-mo n ot o)nwher@ag tgedower bound is the countemonotonic copula and

corresponds to the perfect negative dependéntec o-ao ntmenot)oni ci t y o

74



In time series analysis, clustering methods have been employed to identify similarities among
time series and can be either dissimilabigsed or moddbased. Methods in the former category
classify time series in the same cluster on the basis of (disdsiynwhich 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 coeftient between time serissthat 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 c@reledefficient as a dependence
measure. Hence, there is a growing body of research that supports the application of a more meaningful
dependence measuirghe copula functiorfDuranteet al. 2014; Disegnaet al. 2017; Zhang and An
2018)

Following the cpulabased framework, the dissimilarity matrix depends on the cdpula
associated with two time seri@sandw. If two time series are perfectly positively dependentaoer
monotoni¢ o 0 wherel is the comonotonic copula (Equatio2B).and the dissimilarity measure
betweenw and w should bezera Otherwise, the dissimilarity between two time series can be
interpreted as the departure from thengonotonic copula as follows:6 0 whereasgis a
suitable norm. Once the dissimilgrimatrix is obtained, a conventional clustering algorithm (for
example, hierarchical clustering,-Means, kMedoids or the fuzzy variants) can be performed to
identify the final clusters.

Unlike dissimilaritybased methods, modeased clustering technigsl 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 adopfedhe literature, including copuléBi Lascio and Giannerini 2012; Di Lascio
and Disegna 2017).et & ® B be thei-th time seriesd@ "Q ¢€) where"Yis its length
and¢ is the number of time series. Modmsed clustering approaabsumes that these time series are
drawn from0 clusters and the time series in each cluster share a common dependence pattern. For a
positive integety & M and & hd have the same copula function if two time sefes

and® belong to the same cluster.

3.5 Spatial clustering

Cluster analysis aims to discover patterns in data by organising a Gebhpécts intov disjoint
unknownclusters. However, in some cases, there is additional information about theftghesers
that are sought in the data and it is therefore relevant to impose constraints on the set of allowable

solutions. This is usually referred aenstrained clusteringwhere the membership of clusters is
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determined partly by external informatigkveritt 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 qaiedeagtudy

the incidence of an infectious disease among municipalities within a country and the administrative
boundaries between municipalities are used as the spatial contiguity constraint. Thinglestalts
canhelp to uncover groups of courgigzhich might correspond to diseabket spot§or éold spoté

Unless the clustering method is explicitly spatial, the geographic relevance might not be sufficiently
accounted fo(Grubesicet al.2014)

With spatial constraints, one can be either swicnonstrict 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 conceptoftiguity matrixd which is and 0 matrix,
conssting of elements) that®  p if objectsi andj are contiguous, otherwise Tt Hierarchical
and non-hierarchical methods can be modified to take this constraint into account, allowing only
contiguous object® beclusteredogetherMurtagh 1985; Gordon 1996pn the other hand, clustering
procedures are nestrict when the constraints are not necessarily neighbourhood. An example of a non
strict method considers a modified dissimilarity matrix which combines the dissimilarity ro&trix
geographical distances and dissimilarity matrix from-gengraphical variables with different weights
(Jain and Farrokhnia 1991; Comtial.2 0 1 0 ; & &.R01%)

Clustering with spatial constraints is also useful for finding homogeneoussgitmapatial
units i datathat have a spatial component ranging from explicit geographical locations to implicit
spatial neighbourhood relations such as topological, ssmemomic proximity and direction relations
(Bindiya et al. 2013) Several clusteringhodels for spatial data have been proposed in the literature
and in essence these methods take into account two distinguishing characteristics of spapatidhta:
dependencandspatial heterogeneitfAnselin 2013) The former refers to the existerafea functional
relationship between what happens at one point in space and what happens elsewhere, whereas the latter
refers to variation in this relationship over spélceSage 1998; LeSage and Pace 2009addition,
spatial data are often charactedsypositive spatial autocorrelatignmmeaning neighbouring units tend
to have similar featurg&ordon 1996)

Following Fouedjio(2016) existing approaches can be grouped into four classes:

() Nonspatial clustering with geographical coordinates as additivariables;

(i) Non-spatial clustering with a spatial dissimilarity meag@éver and Webster 1989)
(iii) Spatially constrained clusteririBawitan and Huang 20Q3)

(iv) Modelbased clusterinAmbroiseet al. 1997)
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3.6 Spacetime clustering

As an extension of spatial clustering, sptioe clustering technique involves classifying spatial units

into clusters based on a set of quantitative features observed at several time occasions. To this aim, a

threeway data array characterisifjs a mects @spgtial units) x same quantitative variables x

di f f er ecantbe algehmaealpformalised as follows:
O o dQ pfB AOQ pB D pB RY (3.22)
where'@i@and o indicate the spatial unit, the quantitative variable, and the time respectively;

represents thgth variable observed on theth spatial unit at timeé. Such a thregvay data array is
usually known as the spattiine array and can be illustestt geometrically on a threimensional

space or sliced into different-dimensional matrices as in Figure B.The bidimensional matrices

are given by:
O o do pBuUp pBTY (6spaced sl23)xe)
O o dQ pB® pBTY (6variabl e®@bs!|ice)
O  ® dQ pfBOQ pMBoO (6ti med sl Rx)e)
> 4 “Time”
i T slice
space ) -y
® °
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Figure 3.11 Representtions of the spatialtime 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-typace

clustering framework. Theteteway dat a array can be arranged as
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Algebraically, the data matrix takes the foim @ dQ pf8 i nfiQ pp pMB ix Twhere@Q

andoare indices for countries, calortonsumptiopand time respectively. The form of the data matrix
@looks identical to that from the time series clustering approach, howevéniite here are spatial
units which are related to each othwrsome kinds of geographical, economic, social, cultunal,
institutional proximity.

Realising the complexity of spatime dataCoppiet al.(2010)advocate three maimportant
considerationsassociated with spademe clustering: (i) the spatial nature of the objects, (ii) the
characteristics of the multiviate time trajectories, (iii) the uncertainty of assigning a spatial unit to a
specific cluster. The first two issues originate from the high dimensional aspect ofispadata and
require to not only incorporate the spatial information into the aingtgprocedure 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 clusts.

In order to tackle the higimensional nature of spati@mporal data set, data reduction
techniques can first be employed and traditional clustering algorithms can then be applied on a two
mode matrix. There are several streams in the literatav@ufing this reduction approach.
Krishnapuram and Fred 992 andShekharet al.(2015) propose to add a new column containing the
relationships between time and space to the traditionahtage matrix. Athanasopoules al. (2009)
introduce a hierarchical time series clustering method where the clustering task is performed &t differen
spatial levelsNonethelessdata reduction can lead to information loss, highlighting the need to develop
ad-hoc clusteirng technigques whishmultaneouslyncorporate spatial and temporal information.

In the same spirias Disegnaet al. (2017), exidhg spacetime clustering techniques can be

classified into four categories:

() Non-spatial time series clustering with a spatial dissimilarity meg$zakianet al.2013)

(i) Time series clustering with spatial contiguity constra{hts and Sung 2006; Copgpi al.
2010;Qinetal.,2 01 1; @a.P046a,; etl&62019g o

(i) Densitybased clusterin{Esteret al. 1996; Wanget al.2016; Chenget 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 disciplinefoaretonomics is no
exception. Traditionally, cluster analysis proves its usefulness for policymaking purposes. To illustrate,
agriculture is a fundamental instrument for emmic 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 sourceecbnomicgrowth. Designing policies most suited to each

c 0 u n econpriicsconditions is hence crucial to best implement agricdtitmdevelopment agendas.
Based on the contribution of agriculture to growth and the importance of rural poverty, the World Bank
classifies developing countries as agricukbesed, transfoing, or urbanisedWorld Bank 2007)

This typology of countries provides a useful framework to formulate policy guidance. In agriculture
based economies where agriculture contributes significantly to growth, the key policy challenge is how
to help agricliure play its role of the lead sector for overall growth. In transforming economies, as
agriculture is no longethe major generator for economic development, growth in rural nonfarm
economy is needed to eradicate rural poverty. In urbanised economieslt@g, 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 areearlier efforts in which identifying a number of country groups can provide some
guidarce about potential policies to address food and nutrition security. By categorising 167 countries
into twelvedistinct clusters on the basis of food security measiegBonilla et al.(2000)conclude
that the WTOO6s cl| as s idoped, aé¢velaping, leabt devedoped and net foodi nt o
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
developedat egory. Al so, O6developing countriesd is no
countries are scattered among all categories of food security. Recently, in a similar study 152 countries
are classified intéengroups based on their food setuprofiles (DiazBonilla and Thomas 2015)

The authors demonstrate how cluster analysisshelpreate typologies of food (in)security conditions
and argue that the results depend on the variables selected.

In food economics, cluster analysis hasrba 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 ne
practice, the main focus has been placed on developed countries and the European Union (EU).

As put byPetroviciet al. (2005) the concept of dietary patterns comprises two underlying
dimensions: nutrient intake (for instance the per capita daily gubpmalories, protein, fat) and food
consumption (the calorie consumption from specific foods suckraslsmeat, milk, vegetablesnd
fruits). For policymaking purposes, forming clusters based on the consumption of food groups is a better
choice sine individuals choose to consume (combinations of) foods, not nutfi@ntdstonet 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 datanaesled, 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 thesenraus 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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6apparent food consumptiond at nat ispecialythatie v el
estimates food available for consumption rather than food consunp#iose the FBS is a cost
effective and standardised source of dietary data well suited for longitudinal comparison within and
between countrieAO 2018; Vilarnawet al. 2019) Thanks to this advantagthe FBS igprefered
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 hdusehol
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 santples#holds from the populatigfAO

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 ardoosehold
sectors (for example reesurants, street food vendors, hospitals, etc) while the latter is only restricted to
what flowing into the household sec{&tAO 2020b) Also, the survey designs are not standardised but
differ in key characteristics even within the same type of survetyy &cross countries and within
countries over tim¢Zezzaet al.2017; Russekt al.2018) Thus,if or t he pur pose of as
availability or consumption of the population as a whole, it appears that the FBS is a more appropriate
sourcethanttose of t he HPAO20RMMPO!|I d surveyo

Next, it is worth noting that food consumption data are usually-digifensional, reflecting the
plentiful food commodities as well as the multiple food groups making up the whole diet. One approach
to deal withthis type ofdata is to employ principal component analysis or factor analysis, and then run
clustering algorithms on the derived components or factor scdhe®st half of the studies listed in
Table 3.5 pursue this dimension retioie technique. Neverthelesshen and Hs(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 ardiffetation
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 metts, the T column of Table 3.5 lists the various methods
employed by previous studiesganisedn chronological order. In the beginning, traditional clustering
techniques for static datauch asierarchical clustering and-Kleans are the most populanethods.

Later on, it seems to be a common practice to combine both techniques kstepvpoocedure: first a
hierarchical cluster analysis gives an idea of an appropriate humber of clusters and based on this
information a norhierarchical KMeans algothm is then applied to define the clusters. Over the past
decade, more advanced methods are adopted, particularly-bas#al clustering techniques such as
finite mixture model, latent class analysis, or cogadged model. Among the previous literatuie, t

study that is most methodologically aligned wtitiis research is the studyy Di Lascio and Disegna

(2017) which also employs copula functions. Nevertheless, their study examines the diets of EU
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countries wiereasthis research widens the scope to stigate global diets. Even more, their study
applies the coputdased clustering algorithm on discrete time periods (the first and last year of the
period under examination) wherdhgs research aims to perfortheclustering task on time series as a
whole sequence. In doing sihye similarities among time series are interpreted in terms of their co
movements, which could be detected by a copula function. In printiipke series should be grouped
together if they are positively concordant, or in otherdsdarge (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 sfudy 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 bordersoywestudies
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 makinh e 6 Scandi navian dietd, the 6S
o0Bal kan dietod. Nonet hel ess, the consumption | ev:
same cluster. Thus, the | abel I i ke O Banldiktates di et O

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 emggrproportion from carbohydratésall of which represent different
manifestations of thautrition transition(Balanzaet al.2007)

Second, in many studies the application of cluster analysis helps to identify different subgroups
in the population thare 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 tim@Valthouweret al. 2014; Di Lascio and Degna 2017) Often, the
consumption patterns and dietary healthiness are profiled in relation withesamriomic variables (say
income, gender, marital status, family size, runddan residence, and education attainment). For
example, Chinese consumerswi f ood consumption beédeatendtober t owa
richer, more highly educated and living in urban areas, whereas the traditional diet is associated with
those living in rural areas and earning medium incé¢fte@nget al. 2008) From the vewpoint of
healthinessCasiniet al.(2013)report that among young Italians those who want convenience are most
|l i kely to consume nutritionally -tppoepadiedsanddeodt
toused product s. Further mor e, some aluua htoagrsdé sat g4 @ani
economic characteristics and health status. Take overweight and obesity as an ezangiet al.
(2008) conclude that higher BMI is found among urban consumers who have higher education
attainment and higher soegzonomic status. Althoingthe 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 witledtffevels
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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 Tal8.5 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 analigsisly the starting point for further analysis, such as the
examination of dietary patterns in relation to different seconomic variables as well as health status.

After reviewing the existing literature, it is evident that despite the validitjuster 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 tygesaoto explain the evolution of dietary patterns.
Yet, either time series are merged into one large set of static datéofseeample Blandford 1984;
Staudigel and Schrock 2015; Sadowski 201®)clustering algorithms are applied on discrete time
periods and clustering results are compared between a baseline and aufplb@niod (usually the first
and last year) (for instanc@jl et al. 1995; Di Lascio and Disegna 201H) both cases, the clustering
task is not performed ahe whole set of timeeguences and the time dependent nature of the data is
not appropriately addressed.

Second, previous studies extensively emptagp clusteringmethods in which countries,
households or individuals are grouped into Hoerrlapping clusters while scant attien is paid to
fuzzy clusteringvhich enables the possibility of overlapping clusters. In fact, fuzzy clustering is an
attractive method offering considerable appeals to fooevdiated research. Allowing a country to
simultaneously belong to more thane 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 conditionspmedigd other
cultural factors helpto shapethesa | | ed 6 Chinese cuisined distinct.i
gl obalisation makes it possible to find McDona!
takeaways across the WSEven within a cantry say China, the cuisine is so diverse that cooking
styles, ingredients and flavours vary from region to re@fdvang and Ma 2020Y hat is not to mention
the difference between diets of the poor and diets of the rich within each local municigaditytore,
a diet observed in any country can be best consi
dietary patterns in the countryr that case, fuzzy clustering is able to disentangle the diet in China into
say 90% of traditional eatingagerns and 10% of Westeamiented food styles.

On the other hand, fuzzy clustering can deal with the uncertainty of assigning a time series into
a specific cluster whiclvas discussed in Section 3.4.2 when a unit (say a country) switches to a different

cluster over time. Sucasituation 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 peridddeed, the food economics literature documents the
tendency that individuals/countries change to a (un)healthier cluster ovéWmtbouweret al.2014;

Di Lascio and Disegna 2017Hence, the utilisation of membership degree between 0 and 1 would
awid the arbitrariness of assigning a unit (say
several.

Third, the identified clusters on the basis of their food consumption patterns are often
investigated in relation with income, overweight/dhyesprevalence or other soegconomic
characteristics (Zhang et al, 2008; Petrovici, 2005). Nonetheless, this is done aslaspersanalysis.

On the other hand, income and obesity prevalence can be considered as additional information, and
hencecand i ncorporated in the clustering procedure
clusters to be distinguished in O6spaceb. | mport
configuration ofthe spatial information is further explored 8ection 7.2 (Chapter 7). To the best of

t he a krowledgep spacime clustering algorithm has not been applied in ¢hdier food
economicditerature.

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 worldés diets. Formal convergence meth
convergence would indicate that diets across natiborders 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 isaadtive 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 nqtriee@uslyemgoyed in
the food economics literature. As cluster analysis divides countries into different clusters based on the
historical food consumptiotmends it is possible to find out the main dietary trends around the world,
the direction (healthier/less headit) have these trends become as well asithpacts orglobalhealth.

In addition, the second empirical analysis investigates the convergence and similarity among
the global diets through the lens of spadiahlysis technique§oing beyond the geograh i c al O s p ac e
this studyexplores the spatial relationship among countries via the notiagcohomic proximityls 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 setettf final cluster solution.
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Table 3.5 Applications of cluster analysis in foodconsumptionstudies.

i Clustering Type of Factor Clustering
Author(s)/Year | Country/Region ) Data source ) ) Key results
variables data analysis algorithm
Blandford ) ] ) ) » o
(1984) OECD countries | Food groups OECD Time series No K-Means Dietary composition becomes more similar
Gil etal.(1995) | 16 EU countries | Food groups FBS Time series Yes Hierarchical More similar dietary structures
1 2 clusters with high consumption of pastry and
Wirfalt and Cross meat had higher fat intakes
The USA Food groups Survey ) No K-Means
Jeffery(1997) sectional 9 Other 2 clusters with high intakes of skim milk
had highemicronutrient levels
Balkan countries ) . ) ) There is a common diet structure, but calorie
Bradatan(2003) Food groups FBS Time series No Hierarchical ) )
and Hungary intakes and meat consumption vary
o Strong similarities are found between Slovakia g
Petroviciet al. ) Food groups Cross ) ) o _
30 EU countries ) FBS ] Yes Hierarchical Czech Republic; Finland and Norway; Estonia,
(2005) andnutrients sectional ) _ )
Lithuania, and Latvia
Balanzaet al. ] ] ) Similar trends include an increase in energy fron
20 EU countries | Food groups FBS Time series Yes K-Means
(2007) fats and a decrease from carbohydrates
Bertail and Cross Finite mixture | Among 6 segments with diverse demands for fru
. France Food groups Survey ] No o
Caillavet(2008) sectional model andvegetables, one segment is inceiméependent
Zhanget al. _ Cross Hierarchical Adherence to the traditional diet is negatively
China Food groups Survey ] Yes
(2008) sectional and KMeans | related toBody Mass Index
Honkanen ) Cross Hierarchical and | { Strong preference for meat
Russia Food groups Survey ] Yes
(2010) sectional K-Means 1 Fish is the least consumed food

84



Casiniet al. Cross Latent class Outof-homers and convenience seekers are at 1
Italy Food groups Survey ] No . ) )
(2013) sectional clustering of consuming unhealthy diets
1 Italian diet is more keeping with the
Erbe Healy Italy, the UK, Cross Mediterranean diet than before
Food groups Survey ] No K-Means
(2014) France, Ireland sectional 1 Diets in other three countries are more reliant
food awayfrom home
13 clusters associated with healthy, moderately
Walthouweret ) ) Hierarchical healthy and unhealthy diets
The Netherlands| Food groups Survey Time series No . )
al. (2014) and KMeans 134% of the sample switched to a (un)healthier
cluster
Staudigel and ) Cross Hierarchical Affluent households drive the supply for food aw
Russia Food groups Survey ) Yes
Schréck(2015) sectional and K-Means | from home
) ) 1 Diets of EU countries become more similar
Di Lascio and ) ] )
) 40 EU countries | Food groups FBS Time series No Copulabased | 1 Some countries over the years moved to a
Disegna(2017) o
(un)healthier diet
Heng and Housg _ Cross Nearly 80% of the sample does not consume fru
8 countries Food groups Survey ] No K-Means )
(2018) sectional frequently or only consumes common fruits
i ) ) 34% of adult populations consurhalanced diets,
Scalvediet al. Cross Hierarchical ) ]
Italy Food groups Survey ] Yes 30% consume unbalanced diets, 8% are protein
(2018) sectional and K-Means )
overeaters, 28% are nibblers
Western
) Similarity Cross A cluster consisting 16 countries whose dietary
Azzam(2020) 172 countries | FBS ) No K-Means ) _
index based of sectional patterns resable the American diet

food groups

85



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 betweduosterdissimilarity is maximised. This
chapter reviewthe literatureon cluster analysisovering a wide variety of clustering methods for static
data and data that vary across tiare/orspace. In terms of defining cluster boundary, clustering
technique candeither crisp or fuzzy. Crisp clustering methods assign data units inrtmvedapping
clusters, meaning that the membership of each unit associated with a cluster is either O (does not belong)
or 1 (belongs). Fuzzy clustering on the other hand allowis eait 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 technmuwesstraintn terms
of geographical spaaean beintroducedso tha 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. Frenatisie 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 addreseadi@rstudies. Next, there is an
overwhelmingpredominance of crisp clustering methods while fuzzy clustehngg beenargely
neglected. Also, the clusters defined by differing food consumption patterns are examined in relation
with income, overweight/obesity rates and other secimnomic charactistics. 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 beshef aut hor 0
knowledge, spaetme 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.

86



Chapter 4

Diet quality indices

4.1 Chapter introduction

Today, nearly one in three people worldwide suffers from at least one form of malnuttitidhood
stunting, wasting, vitamin and mineradeficiency overweight or obesity and dietrelated
noncommunicable diseas@4/HO 2017b) While these mltiple forms of malnutrition undoubtedly
pose serious threats to global health, the world is facing a nutrition crisis: approxithegelyillion
people are consuming leguality diets, which either contain insufficient calories, vitamins and
minerals o contain too many calorideom saturated fat, salt and sug&Global Panel on Agriculture
and Food Systems for Nutrition 201&)iven that the cause$ malnutrition are manifold, poor diet is
one of them. lis shown that lowquality diet is the leadmrisk factor for mortality and morbidity in
the global burden of diseag&fshin et al.2019) Thus, promoting higlguality dietss key to achieving
the Sustainable Development GoafoE ndi ng mal nut r i t i whichis ome chthel form
larges challenges facing all countries in the'2&ntury(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 ifdobod and adolescence, as well as the
mitigation of health problems in adu(SaresJaskest al.2017) In general, there theneed to measure
and monitodiet qualityin public health policy agendas.

A numberof methods have been proposed to assemmlbdiet quality and to find out healthy
dietary patterngFransen and Ocké 2008)o this aim,numepus indices have been developed and
validated to reflect different dimensions of diet quality. Ranging from indiceply measuing the

compliance with certain dietary recommendations to more complex tools requiring consumption
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information of micre and nacronutrients, these indices are widely used in the existing nutritional
epidemiology literaturéBurggrafet al. 2018) However, previous systematic reviews all point to a
main drawback of these indices regarding their limited predictive capacity ftth leecomes,
guestioning their validityWaijerset al.2007; Arvaniti and Panagiotakos 200B)deed, assessing diet
guality is a challenging task not only given the many dietary factors that can affect health but also
because there is no official detion of diet quality in the related literatu¢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 ik chapter is laid out as follows. &®n 4.2 looks at the concept diet
gualityandthenuances 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 appropriaterahés research. Section 4.5 presents

concluding remarks.

4.2 What is diet quality and how to measure it?

Conventionally, the notions ohealthy nutrition and adequate nutritiontend 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 essentialmrits(Ruel 2003) While nutrient quantity is an important indicator
to gauge the progress towards eliminating hunge
caloriesé but al so o6what type of cal dobestys & bea
prevalenceworldwide (EchouffoTcheugui and Ahima 2019)These days, th&double burden of
malnutritiord requires promotindnigh-quality dies that on the one hand meet the minimal dietary
energy requirement for dap-day survival and on the ath hand hae apositive impact on overall
well-being. So, what exactly is a higfuality diet? To answer this question, it is crucial to first define
diet quality,

In nutritional epidemiology literaturadiet qualityis described in various ways, includim
healthy diet, a balanced diet, nutritious foods, functional foods, and a nvictedtet(Alkerwi 2014)
Even though these ternadl emphasiséhe importance of achieving an optimal level of health via
balanced nutrient intakes, the existence oétogfeneous terminologies creates a huge confusion on
what constitutes a higguality diet. While it is fairly agreed upon certain nutrients or food components
that should make up a higtuality diet, translating thisnowledgento a standardised diet cagiiration
is a challenging task due to dietary customs, cultural context and locally available foods. Individual
factors (for example aggender disease status, and physical activity leledd todifferent needs for
macre and micrenutrients(FAO andWHO 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 maintaidejuateconsumption of healthy
food components (for instance fruits, vegetables, w@as, fibre) and enoderategor very limited)
consumption of unhealthy ones (such as saturated fat,sssgdium)(Guentheret al. 2013) Many
dietary recommendations including the Dietary Guidelines for Ameriga8BA and HHS 2020are
established &sed on these two key dimensioaddgquacyandmoderation. Others, including the UK
food-based dietary guidelines (the Eatwell Guid@ublic Health England 2016)consider
variety/diversityas anotherimportant dimensiormf diet quality since a diverse diet should consist of
sufficient nutrients (adequacy) and necessarily limit specific nutrients (moder@ionkt al. 2003;
Gémezet al.2019) So far, a universally agreed set of indicators to measure diet qualitpatamdst
(Schwingshackl and Hoffmann 2015Jet, current national foetdased 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 thctof sustainability adds more nuance to the notion of a
high-quality diet. In order to encapsulate the multidimensioture of diet quality, the definition of
highqual ity diets can be as broad as t manstdtioniel i mi n
promote health and are produced sustainably without undermining the environmental basis to generate
highqual ity diets f(Bénéetfalll019)r e gener ati onso

How to measure the quality of a particular diet? Historically, nutritionalespiology 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
diseasegMaynardet al. 2005) Nonethdess, this saalled 6 r e d u ¢ appraachi hast réceived a
wealth of criticism. First, individuals do not consume single foods or nutrients but a complex
combination of foods containing numerous nutrients andmutnients(Mertz 1984) Second, the
existence of food synergy, meaning the interaction and interrelation of nutrients, might hinder their
bioavailability and absorptiofdacobs and Steffen 2003; Tapstlal.2016) To further complicate the
issue, entering several highly correlated variablesiff&tance, 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 accurgttu 2002) In the end, foods are complex whilst our knowledge is
limited, so the nutritiorhealth nexus is unlikely to be reduced entirely to molecular interactions (Katan
et al. 2009). Thus, any researciming to find an association between food intakes and disease
prevention should follow a mofelisticapproachnstead offocusing 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; Hiehal. 2018) This leads to the emergence of an alternative
approach (calledietary pattern analysjsas opposed to threductionistapproach.

Following dietary pattern analysis, there are two methods to measure and quantify dietary
patterns(Waijerset al. 2007) One method is based on current nutritional keolge 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 (Trijsburget al.2019) This is often coinetheoretically defined dietary patteros pre-defined

diet quality indices/scas The aim is to evaluate thietary 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. tfagkeatage of prdefined

diet quality indices is generalisability, meaning that they can be applied to different populations
(RomanVinas et al. 2009; Vandevijvereet al. 2013) In addition, diet quality scores are useful for
comparing diet quality of sufroups within the same population, tracking diet quality over time,
assessing impacts of an intervention on diet quality and examining the relationship between diet and
diseaseisks (LanhamNew et al. 2019) However, the accuracy @f priori indices is limited by the
current level of dietary knowledge regarding dietlth relationship, and uncertainties for the index
construction proceggransen and Ocké 2008)

The other mdtod, known asmpirically defined dietary patterng&xamines diet qualita
posteriori by using statisticalechnique such as factor or/and cluster analysis. Such techniques
aggregate intake variables into factors to investigate common underlying fosuhgaiion patterns
within a population(Newby and Tucker 2004Because the patterns are derived specifically for the
population, they are often not reproducible across populafiéast 1996) Besides, they do not
necessarily define the healthiest pattdrasause they are not based on current nutritional knowledge
or evidence on the ditealth relationship@Hu 2002)

Inthisr esearch, the worl dos diets ar-definédidietst def
guality score ighenexploited to evalate the healthiness overall di¢. The next section presents an

overview of predefined diet quality indices.

4.3 Pre-defined diet quality indices

4.3.1 Construction framework

Being composite indices, diet quality indices follow the same methodologndex 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-gifit 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 #@&sell 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 éach partition. A common technique is to useioff value for each component

and to assign 0 if the consumption of that component is lower (or higher) than-tfévaltie, and 1

if the consumption is higher (or lower) than this threshold. The index components are scored using

arbitrary weights and thesummed up to arrive at a final score.

To demonstrate, Table 4.1 shows the composition of the Healthy Diet Indicator 2013 (HDI
2013) (Berentzenet 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 Organisationd (8VHO)

recommendations for the prevention of chronic disef8#440 2003) A dichotomous variable is

generated for

WHOOGs guidelines,

equal weightings towards the total score. Therefore, the28D8 is the sum of all these dichotomous

variables and takes a value in the range-@f@ints. The higher the HEB013 value, the higher the

diet quality.
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Table 4.1 Composition of the Healthy Diet Indicator 2013 (HDF2013).

o o The HDI-2013
Components (daily intake) Cut-offs Score | Weighting
value
' <10 1
1. Saturated fatty acids (% E) i}
O 10 0
. 6-10 1
2. Polyunsaturated fatty acids (% E)
<6o0r>10 0
< 300 1
3. Cholesterol (mg) _
O 300 0 =B ®©
. 10-15 1 where Xdenotes
4. Protein (% E) Equal
<10o0r>15 0 the component
5 Di fibre (@) > 25 1 scores
. Dietary fibre .
i J O 25 0
6. Fruits and vegetables (excludin O 400 1
potatoes) (g) <400 0
<10 1
7. Free sugar (% E) §
O 10 0

Note: % Erefers to the percentage of total energy intake excluding alcohol;

mgandg are abbreviations of milligrams and grams.
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4.3.2 Existing diet quality indices

Numerous pralefined 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 ind®a Rochaet al 2020) or for elderly people for instance
theElderly Dietary IndeXKourlabaet al.2009)

Overall, the four most widely used indices arelealthy Eating IndexHEI-1995)(Kennedy
et al.1995) theDiet Quality IndeXDQI-1994)(Pattersoret al. 199), theHealthy Diet Indicato(HDI-

1997) (Huijbregtset al. 1997) and theMediterranean Diet Scor@MDS-1995) (Trichopoulouet al.
1995) Several modificationand updatesf these indices have been proposed. For example, -AHEI
2002, HE}2005, HE+2010, HEI-2015 are variants of the original HEI.

Primarily, indices are constructed following either nutritional guidelines or Mediterranean
dietary patternsThe Mediterranean diehas received a lot of attention due to the fact that adults
dwelling near the Mditerranean Sea have one of the lowest incidences in chronic diseases and one of
the highest life expectancies in the wofTdichopoulou and Benetou 201%8ven though the positive
association betweeadherence to thdediterranean diet and risks of coeoy disease and certain types
of cancer is confirmed in prior studiéBanicoet al. 2014; Anandet al. 2015; Rosatat al. 2019) a
precise and quantified definition thfe 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 monounsaturatedtséat ratio,

a moderate consumption of wine and dairy products, a low consumption of meat while a high
consumption of vegetables, grains and f(liichopoulos and Lagiou 2004; Mastoraketual. 2019)

The abundance and wide variety of healthful foagdthe Mediterranean region might be partly
attributed to the strategic location along the northptdallel, which stretches across the Mediterranean
Sea, Asia, Japan, North America and the lIberian Penin&ilarnau et al. 2019) However,
Mediterran@n 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 soceronomic factors within each regi@al Kinany et al. 2020)

Tables B.1 andB.2 in AppendixB summarise 61 indices, of which 41 indices are tailored to
the national dietary guideline and 2@lices based on Mediterranean dietan be seen that national
dietary recommendations mostly stem fromti&, Canada and other higicome countries whereas
there is an absence of indices developed for bovd middleincome countriesA recent report shows
that only 2 out of 31 lowncome countries and 12 out of 51 middétbeome countries currently have
somesorts of dietary guideling&Global Panel on Agriculture and Food Systems for Nutrition 2016)
Among 41 reported indices, a handful of them are created for@gsmal comparison and only two
are globally applicable. The myriad of existing indicestm ane hand demonstrates itheoherence

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 county or geographical area, and thereby indices should ideally be updated when new nutritional
knowledge and recommendations unf@®lentheret al.2013; Moraeugt al.2020) To illustrate, the
Healthy Eating IndexHEI-1995) was originally developed to evaluate the extent to which Americans
are conforming to the nutritional recommendations outlined ibiktary Guidelines for Americans
This index however has been revised since 2005 and the updated versiatingnidisl-2005, HE}
2010, HE$2015 are proposed as new guidelines (the mestntone is the 2P0-202%5 Dietary
Guidelines) emerge.

That said, the question remains whether these coespggific and crossegional indices
preciselycaptureall dimensions ofliet quality. The majority of indices listed in Talidel andB.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 fojlogehne
such as 600 grams of vegetables per day than 1,000 kcal from carbohydratesir@dngeeslisted
in two tables, most of them are featured with an equal weighting sclimpiging that the relative
importance of different food groups and/otnents is usually naaken into accounBesides, indices

based orthe 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 exigtinliet quality indices are engendered by the
methodology for index development, which is not bladkdwhite and there is plenty of room for
arbitrary choices made by the researcher (semyng othersWaijers et al. 2007; Arvaniti and
Panagiotakos 2008; Kourlaba and Panagiotakos 2009; Wirt and Collins 2009; Betgghkf018;
Aljuraibanet al.2019; Trijsburget al.2019) Specifically, these choices are related to the selection of
variables/component® tbe incuded in the index, the cufff 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, thdex development is susceptible to a high @sgrof
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 indexbe correctly interpretedlanhamNew et al.2019) Key

issues in the construction of a diet quality index are discussed as below

Index components

According toKant (1996) there are three approaches in constructing a diet quality index: based on
nutrients (for example total calcium intake), food/food groups (for example smtdkreat, vegetables,
cereal¥, or a combination oboth Some indices comprise of only nutrients (DQHI899), some

contain only food groups (DQ3007, MAIF1999, HFI2001), andthers contain both (DQ1994, HE}
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2005, AHEF2002). Overall, nutrieAbased indices tend to consider consumption as a percentage of one
of the nutrientbased reference values of the dietary reference intakes as a marker for diet quality
whereas indices Isad on food groups examine the dietary patterns of foods to identify patterns
associated with adequacy and positive health outc¢izag 1996) In the existing literature, the most
commonly applied indices are based on the combination of nutrients ats{@wulstonet 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 mongolyunsaturated fat, and cholesterol) or
food groups (such as fruits, vegbles, cereals, meat, and dairy) are often included due to their long
known positive impacts on health. The number of components used in each index is not fixed but ranges
betweend (HFI-2001)and20 (DGAI-2005).

As a diversified diet comprising of a gtea variety of foods is more beneficial than a
monotonous diet, prior researchers recommend taking into aatietnéariety(reflected by the number
of different foods consumed over a given period of time) in the index constrgatiamond and Ruel
2004) This has led to the development of indices that exclusively measure diet diversity, for example
the Dietary Variety ScoréBernsteinet al. 2002) or the Riksmaten Adolescent Diet Diversity Score
(RADDS) (Moraeuset al.2020) However, the necessity tociorporate variety as an index component
is questioned bWaijerset al.(2007)as diet quality indices are generally made up of several adequacy

indicators, automatically implying a varied diet.

Cut-off values

Cutoff 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 examinatioiBurggrafet al. 2018) In practice, cutoffs can be eithenormativeor percentile
Normative cwoffs are derived from current evidence for eiegilth relationships that reflect dietary
requirements of healthy individuals, and thereby are chosen as a healthy level of intakeimsually
accordance to dietary recommendati¢bsake et al. 2011) HEI-1995, HE{2005, HE}2010, HD}

1997 and HDI2013 are examples of those indices being constructed in this way. This kindodf cut
prevents overestimating scores and allows the comparistadiés in metanalysegAljuraibanet al.

2019) Although the rationale seems attractive, this approach is subject to a major drawback. If the
intake of a component is below the -af value for the majority of subjects in a population, this index
compament does not contribute any extra discriminating power and could become redundant in index
constructionWaijerset al.2007)

On the other hand, percentile @ffs (median or quartile) simply indicate the intake values
below which a given percentagealfservations in a population sample fall. Many Mediterranean diet
based indices use sepecific median cubff value for instanceMDS-1995 and MD&2003). The main
advantage of this method is that each component is well distributed with half of thetssb@ing
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positively and the other half scoring negativélleverthelessit has certain disadvantages including
that the median value does not necessarily reflect a healthy level of intake, and different population
samples produce different median val(kourlaba and Panagiotakos 200Bpr 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 consngirmative and percentile coffs, researchershould take
into account the intake levels of the included components in the population when choosingpthe cut
value. Some indices (say MBI®95, HDF1997, HF2001) exploit only one ctaff value, some (say
DQI-1994 and DGR002) use more than one -@ff value (with a lower bound, an intermediate range,
an upper bound), and others (say AHIBD2 and DQ1-2003) assign the score of each component to

be proportional to the extent with which the guideline is complied.

Weighting and aggregation

Forthe maority 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 scofaljuraibanet al.2019) Only fewindices are constructed using specific weights

to some components (for example HEIO5, RCi{2008, DQH-2003). However, the weights are
decided arbitrarily with no sound rationakesdthe oftquoted reason is that certain components are
more importantd diet quality based on dietary guideling8m 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 qualityindices 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 Foadrag@uestionnaire (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 dietaiigtake

According toGibson (2005) there are four approaches in nutrition assessment to comprehensively
evaluate the nutritional status of individuals, namely anthropometrics, biochemical parameters, clinical
examination and dietary assessmebietary asessmentrefers to methods that estimate the

consumption of food and nutrients at national, household and individual level. Figure 4.1 presents the
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most common dietary assessment methods, which are categorised depending on the nature of the
method.Indirect methods assess diets by employing secondary data st methods gather

primary data from individuals. Depending on the time that food consumption is recorded, direct
methods can be eith@rospectiveor retrospective The former refers teecording diets as foods are

being consumed while the latter relies on a recall of foods that were consumed. Each of the methods

shown in Figure 4.1 is to be discussed subsequently.

" National Food Balance Sheets
©
2 | Indirect
Q .
S Household Consumptiagn
1< Household and Expenditure Surveys
Q
£
(2]
73 -
? — Prospective Food records
S
P
8
%’ — Direct — — Dietary history
|| : Food frequency
Retrospective guestionnaire
— 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 thel Naitiens (FAO).

By definition, the FBS is an aggregated data setfthatr e sent s a compr ehensi ve
of a countryodos food suppl FAOA00L mIYTheaFBS gomldtidni ed r e
follows an accounting framework duthat 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 dedudtssl dpyantity

exported and food added to stocks gives the total food available for supplfodthavailable for
consumptions derived after subtracting other utilisations for #imman food use (including animal

feed, seed, industrial use for food usel amnfood 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 intaa single comprehensive data sé¢he 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 fatesunFigure 4.2 also illustrates that the FBS

can reasonably proxy the national food availability for consumptibona p par ent f pbutd cons u
not food consumptioper sebecause food waste is not incorporated into the figures. However, the FBS
framewvork 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.

) Food exports and
Domestic food Food i
. ©od imports — food added to
production
stocks
v
E Estimated total food available
% [ (the gross national food supply) -« Animal feed
LF)
5 |
= K
8 B > Seed
1
Non-human food uses , L, Industrial use
Losses during storage
and transportation
Food supply available for
|
| human consumption
- Consumption-level
food waste
% Food consumed

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
approximatey 100 food commodities for over 180 countries worldwide, the FBS is a useful tool to

monitor global food patterns and dietary haff8&O 2018) To illustrate, analysing the FBS data helps
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to uncover trends in the prevalence of undernourishment in davgloguntrie§Ambagneet al.2019)

to examine the evidence of the nutrition transi{®heehy and Sharma 2010; Sheehy and Sharma 2013;
Sheehyet al.2019) and to predict future food demaf@ouel and Guimbard 2019%ven though the

FBS covers per capitconsumption 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 naaple foods, and the share of endrgyn animaisource protein are easily
derived.Petroveet al.(2011)estimate the nationat3 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 zin@Vuehleret al. 2005; Wessells and Brown 2012y)agnesiunf{Joy et al. 2013)
andother micronutrient contenérsenaultet al.2015)in national food supplies. Other studies employ

the FBS to identify variations in adherence to the Mediterranean diet among Mediterranean countries
(Balanzaet al. 2007)or worldwide(Da Silvaet al. 2009; Vareiroet 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 uélis 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 analyd&AO 2018) Despite the existence of direct dietary assessmehbaet
at individual level, these are rarely standardised or comparable across countries or over time owing to
several methodological differenc@dichaet al.2018) Second, FBS data are perhaps the only available
dietary data for nearly all countries anerritories worldwide, especially loimcome countries
(Gr¢nberger 2014; Leclercet al.2019) Next, FBS data are useful to compare food availability among
countries or to monitor trends over time within a cou(fgpkin and Reardon 2018)s the FBS treks
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 theeothand, the rising obesity rates within a country could be
tracked by the increasing overall per capita food availalf&O 2017b) Such information can
support the government in introducing prompt policy measures to halt the rise.

Yet, several drawlzks 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. Asdpout byAnandet 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 Reardof2018) the FBS dat are 20% or more higher than the true dietary intake. Looking

at a wide variety of food item&r¢nberger2014)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 € 2018) The extent to which
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the FBS data appropriately reflect the reality needie crosshecked 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 sufptynberger 2014)Next, the FBS does not take

into acount smalscale 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 foodgBeal et al. 2017) Neither does it colledhformation on consumption by tourigi®a

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-lamd middleincome countriegJacobs

and Sumner 2002; Schmidhuber and Traill 2006; Desdadral. 2018; Godenawt al. 2020) Some

authors show that the FBS tends to underestimate food availability in less developed q@attiezs

et al.2007; FAO 2018)Finally, the FBS does not distinguish food supplies by age, gender, education,
or socieeconomic levelgDel Gobboet al.2015; Muhammaet al. 2017) Even though analysing the

FBS can provide a macro picture of shifting diets but with no insight iatdigitribution of foods within

a country due to the lack of disaggregated information. Therefore, the FBS can potentially mask the
coexistence of ovezonsumption and und@onsumption within a single count(Beal et al. 2017)

These limitations should beecognised 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 factggson 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 Expendite 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 subationally representative, are collectively referred to Himisehold
Consumption and Expenditure Sur¢e\CES). 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. Househwthbers 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 icollected andnalysedy national statistical officet® calculate thépparent food
consumptiodat household levdFAO 2018)

The validation of calculating individual nutrient intakes/food consumption from the HCES is
examined irstudies byEngleStone and Brow(2015, Coateset al. (2017, Sununtnasuk and Fiedler
(2017, andKarageorgotet al.(2018) The HCES has gained its popularity for several reasons. First,
the HCES is regularly conducted in a large number of &wd middleincome countries, and might be

the only source of dietary information in such countries whergdiuand undernutritioare most
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pronouncedRussellet al. 2018) Second, since the HCES contains a wealth of information on the
househol ddés food consumption and ac-fyearsonlargeon and
samples (10,000 housellsl on average) that are representative of national and subnational
demographics, it can be used for tracking trends as well as changes in naditbeals offood
consumption(Sununtnasuk and Fiedler 201Third, the HCES is less expensive than othercasuof
nutrition data as the survey is conducted and paid for by government adEraieret 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 measdiegsh e t ot all amount of f «
consumption in the household, generally excludin
(Putnam and Allshouse 1994)s such, the consumption figures might be underestimated. In many
countries,therisingonsumpti on of foods outside home might
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 acrossieswarid within countries over
time (Fiedleret al. 2012; Russelkt al.2018; Rippinet al.2020) For example, different member states
in Europe use different methods to collect food consumption data, making it difficult forconastsy
comparisongloannidou et al. 2020) Though there are international guidelines for the design and
implementation of each of the HCE#es they are specific to each type of survey and generally lack
coherence and leave a significant amount of leeway for the nationalysstatisticiangZezzaet 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 men{E&® 2018) Finally,
HCESs are costly and most couesrido not conduct them on an annual b@aslenatet al.2020)

In addition to the collection effortsy the federal governmerd number of rich datasets on
food purchases and consumptamecollected by private market research firms in ordertalyse food
retailmarkets.One of such data Ecanner data, which record sales of food purchased at stores or used
by consumersat home. Popularsuppliers of scanner dataclude Kantar, IRI, and NielsenThe
collection of scanner data can be facilithté) at pointof-sale (retail) by the use of the universal
product code (UPC) of products sold at retail checkout counters; (lipbigehold scanner panais
random samples of households whose task is to scan in the UPC of the items they purchgsed usin
scanners provided to theiMuth et al.2019) Generally speaking, scanner data allow for more thorough
analyses of food purchase behaviour since the data recorded at the scannable barcadeéleliaked
to detailed information on characteristicsppbducts(such as the brand name, the price for which the
product was bought, the quantity, the weight and whether it was purchased on prqtnotiseholds
and storegLevin et al.2018) It is this granularity of the data at the product level that makanner
data attractive for somspecific useqGriffith and O'Connell 2009; Sweitzest al. 2017) Other
importantadvantagesf these datarethat they are produced in a timely manfiMuth et al.2016)and
the household scanner panel samples are rargbr than those for thdCES (National Research

Council 2005)
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Yet, £anner dathave somdimitations. Foremost, scanner data reflect purchases rather than
consumption, and this type of dataly accounts fofood-athomepurchass not foodaway-from-
home(Chenet al.2016) Infrequent purchases and the frequency with which peopleasbagher key
issues In addition,there isa big burden on respondemegardingthe household scanner survagsa
respondenthas toscanin all the items purchased after each shopping and report the results to the
collecting firm (Lusk and Brooks 2011)Finally, scanner da are not designed tanclude
comprehensiveinformation on the householdharacteristics Despite sme basic demographic
information (for example employment status, household income, or the age of the head of household)
there is a lack of informatiomn health knowledge physical activity, sources of income, and
participation in food assistance prografiNsitional Research Council 2005)

It is worth mentioning that neither of the indirect methods for dietary assedbmemyve been
considered so fatirectly collects primary dietary data from individuals to calculate the dietary intake
or food consumptionimportarly, the nutrition data obtained by the two methods are best described as
Oapparent f o aatherchamb £ d Mg tcit 0 ov s uf mopiherefore, Gthese indirect
methods are most useful in identifying trends in food availability across geographical regions and over
time. However, direct methods for individuadsed dietary assessment do exist and the information
gathered fromwhich can be employed to investigate trends in food consumption, food and nutrient

intakes, dietary patterns, and to examine thediggase association.

Measuring food consumption at individual level

Methods in this category provide either quantitatiiadly 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

applicatiors, stengths ad 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 24

hour recé | i's not sufficient to calculate an indivi
multiple norconsecutive 2hour recalls on the same individual are recommended to eliminate daily
variability in dietary patternéKnuppelet al. 2019) This metlod 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 represerftditha et al. 2018) This method is quick, easy,
inexpensive, ath can be used for illiterate individualSchoeller and Westerterp 2018ince the

respondent burden for a single-Bdur recall is small, those who agree to participate thd@4 recalls

are more likely to be representative of the population than twbseagree to keep food records.
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Therefore, 24hour recall is useful across a wide range of populati@mulston et al. 2017)
Nonethelessthis method relies on memory aids to quantify food consumption, hindering the accuracy
when conducting for elderl§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 methods widely ugd in epidemiological studies to rank individuals

into different categories of low, medium or high intakes of specific f¢kdaervaet al. 2014) The

method could be irthe form of an interview, a selidministered questionnaire, or a computer
administeed questionnaire with less than 30 minutes to complete. There is less respondent burden, and
it is quick and easy to colletite resultfKennedyet al. 2011) Hence, the FFQ is commonly used to
estimate dietary intake in large epidemiological studigsulstonet al. 2017) Nonethelessthe
accuracy is lower than other methdBgneseret al.2003) Besides, questionnaires are congpecific

since diets varjrom place to place and the food list needs to be updated raising the need to revalidate
the questionnaires in each contgSc¢hoeller and Westerterp 201If) addition, the FFQ collects neither
eating pattern information (for instance meals per daydlewiled information on foods consumed (for

example brandames) (Berdanieret 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 comstion over periods from one to seven ddysspite

the virtueof yielding accurate estimation, this method is tia@nsuming(Berdanieret al. 2014) To

complete a food record, each respondent must be trained to adequately describe the foods and the
amours consumed with plentiful information including brand name of the food, preparation methods,
portion sizegCoulstonet al. 2017) Thus, the respondent burden is higher athg accuracy highly

depends on the conscientiousness of subj&itson 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-Béur recall plus information on usual eating pattern,
followed by an FFQ to verify thanitial data. As the food or nutrient intakes are recorded over a
relatively long period, this method is useful for food policy development progratnnigentifying

food patterns associated with inadequate nutrient in{@kekeet al.2011) Neverthelss, the process
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is labour intensive, timeonsuming, and results highly depend on the skills of the intervi@eboeller
and Westerterp 2017)

To sum up, accurate estimations of food consumption and nutrient intake are of utmost
importance in understaling 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 afldétse, 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 pattes over time and/or across countries, natidbenadl standardised data are
recommended. On the other hand, individlegk! dietary data are preferred if the prime purpose is to

assess diet quality in its full form.

4.3.5 Diet quality indices and healthoutcomes

As mentioned earlier, the complexity of indi vi c
undermine the traditional approach of discovering the influence of single nutrients (or food) on the risk

of related diseas€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 nutritierelated health outcomé®/irt and Collins 2009; Mrakamiet al.2020)

To recap, the majority of existing indices are constructed based on either national/international
dietary guidelines othe Mediterranean diet pattern. The components included in these indices are
chosen among the nutrients or fooduws 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 pattefidachet al.2006; Waijerset al.2007; Burggaf 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 fmattbmegKourlaba and
Panagiotakos 2009)

The relatediterature 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 esudilar diseases (CVDs) and
cancer. TableB.1 andB.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 vigity (Waijerset al.2007; Arvaniti and Panagiotakos 2008he relative risks for
health outcomes are almost attenuated after controlling for confounding factors such as age, education,

smoking status, BMI, physical activifiKant 2004) It is acknowledge 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 s(Bdietanieret al. 2014) Previous
researchers repaatweak relationship between diet quality indices and reduced risks of CVDs in men
(McCulloughet al.2000a) but fail to uncover any association with reduced risks of chronic diseases in
women(McCulloughet al.2000b)

Specific health outcomes such as cancer risks are not predicted as strongly or as consistently
as allcause mortality or CvDqWirt and Collins 2009; Schwingshackl and Hoffmann 2015;
Neelakantaret al. 2018) On the one hand, many index components (fstaimce those of HE2010)
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 gqMD&ulloughet al. 2000a;
Nicklaset al.2012) On the othehand, 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 giescquadit
are related to overweight and obegiicklas et al. 2012 De MiguelEtayoet al. 2019 Yanget al.

2014 El Kinany et al. 2020) By contrastVillegaset al. (2004) Asghari et al (2012) anklloraeuset
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 partica@sidyet! for this
purpose(Radwanet al. 2015b) Reviewing the use of Mediterranean diet indices in epidemiological
studies,Bachet 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 elemethis MEditerranean diet are
strongly associated with a reduced risk of coronary heart disease aral f#wes of cancefAnandet
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 rega to the arbitrary choices in choosing the index componentgftualues,
scoring system, and weightin@ourlaba and Panagiotakos 2009; Berdagteal. 2014) In essence,
diet quality indices may not completely fulfil the requirement of a holigtigr@ach in which the
correlation between intakes of various dietary groups needs to be refdagerset al. 2007) In
addition, while very few diet quality scores are developed for use internationally, the vast majority of
existing indices are countrggions peci fi ¢ and tailored to a country
as well as disease profil€Brijsburget al.2019) Thus, the applicability of such pdefined scores for
a wide range of health outcomes relevant for diverse populations afiffesent cultures is often
debatedFunget al. 2018; Pereiraet al. 2020) As argued by a Vecchia and Majeni2015) inter
country disparities in dietary components fundamentally reflect the availability of the food items
included in the score, rathdran individual choices based on heakfated 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 outcdiRadwanet al. 2015a) Finally, diet quality
scores can assess only one aspect of food consumption whereas the confluence of several other factors
such as socieconomic class, education, accessibility to healthy food stores, lifestyle, and behavioural
aspects can impathe compliance to healthy eating patterns and mediate the effects of food intakes on
healthoutcomegAljuraibanet al.2019)

To sum up, given thiarge numbenf existing diet quality indices, no index is superlative in
assessing the risk of poor hisabutcomes. 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 ofadiet quality index

Even though wvalidating the indexé6s predictive
determinant for choosing a specific diefdjty 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 recommendationtHeomultiple

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 particulargiguideline, or to assist in health promotion
programmes. For the latter purpose, the index should belfaseld in its composition as individuals
choose to eat (combinations of) foods, not nutri@aijerset al.2007; Coulstoret al.2017) The use
of food-based indicess readily translatable to dietary advice and public health policy applications
(Kourlaba and Panagiotakos 2009; Tapst#l.2016)

Second, the index composition should be revised. Indices constructed by foods and food groups
are graightforward andhey 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)(Trijsburget al.2019) Another advantage is thaitéractions among nutrients contained in food
groups are taken into accoytant 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
andother nonnutritive components. Yet, it is not easy to keep track of the large heterogeneity within
food groups(Coulstonet al. 2017) For instance, the protective properties against cardiovascular
diseases vary among varieties of vegetables. Anothetiqadadrawback is the applicability of foed
based 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(Vergeret al. 2012) TheMean Adequacy Ratiand theMean 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 are lag@ poor indicators of the overall diet
guality. Another strength of nutriebiased indices is that nutrient dosages and their effects on health
are directly capture(Tapsellet al.2016) However, the construction process is more-datmanding

and tke conversion of food intakes into nutrient intakes could lead to additional measurement errors
(Burggrafet al.2018)

The third consideration is the scoring system anebffutalues. Many foods show a-thape
correlation with health outcomes. For exdempnoderate consumption of meat is beneficial but high
consumptions detrimental to health. As a result, it is preéetito design scoring ranges or let the score
be proportional to intake, instead of using simpleaftivalues. Furthermore, scores should depend on
or adjusted for total energy intake to avoid confounding by energy i(\ékigerset al.2007)

Regarding k the aforementioned considerations, tediterranean Adequacy Ind€kAl)
seems to be the appropriate choicewaitibe adopted in the empirical analysis of thissearchbecause

of the following reasons:

1 Mediterranean diet quality indices show an allebetter predictive capacity for health
outcomes than indices based on dietary recommendations (Ferah@018).

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

1 TheMAIlis a quotient measure instead of an add/subtract score, eliminating the necessity
of cutoff values. Using cubff points based on the digtution of selected food groups in
the population being evaluated would hinder the appraisal of time trends and the
comparison between groups or studies (Batchl. 2006).

1 Thisresearch examines trends in food consumption patterns around the world Baddh
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

fortheMAIl 6s cal cul ation readily availabl e.

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 lItalian cohorts of the Seven Countries Stéderti-Fidanzaet al. 1999; Fidanzat al.
2004) 1t is created as a quotient between the sum of energy from typical Mediterranean diet and the

sum of energy from netypical Mediterranean diet products. The higher the index value, the greater
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the adherence to Mediterranean diet patterns, the better the dlig.dslome typical Mediterranean
foods include bread, cereals, legumes, potatoes, vegetables, fruit, fish, red wine, vegetable oils while

nontypical Mediterranean foods include milk, cheese, meat, sggarsanimal fats and margarines,

sweet beveragesakes, pies and cookilSh e f or mul a f or MAI 6s cal cul at.

B 0t a ¢ i "0NE Q

L0 Og B 6o ¢ | oaK

(4.1)

An example of MAI values corresponding to the world regions is shown in Hig@ir®ver
the past half a century the global MAI (denoted by the red dashed line) has remainathyietat
around 3, meaning that the quantity of figoodo

C ¢

guantity of fAbado calories. Given the burgeoni ng

the fact that the healthiness of therge 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 incratsdeas from cheap,
convenient, ultrgorocessed foods high in fat, sugars and salt. That is not to mention the other side of
the coini the shift towards sedentary behaviours and physical inactivity which alseipipgrtant

roles in creating the obesogemiovironment. Ashe MAI is simply a ratio, the rising MAI observed

for African diets has little to imply about the better food supply that has helped reducanutridiem

in the region but indicates improved composition of their diets. Asian diet wastba 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 noteount 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 suggestintpahadiets are

made up of roughly equal amount of Agoodd and
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Figure 4.3 Mediterranean Adequacy Index by region, 19622013.

The MAI has been widely adopted by previous researchers to approximate diet quality in
studies across different disciplindsénoopset al. 2006; Filomeneaet al. 2014; Di Lascio and Disegna
2017; Menottiet al.2017; Montercet al.2017; Finardet al.2018; Kiomhoutet al. 2018; Metroet al.

2018; Vilarnauet al. 2019) In fact, its usefulness has been extensively tested ieaither literature
(Alberti-Fidanza and Fidanza 2004; Balaetal.2007; Rodriguest al.2008; Albertiet al.2009; Da
Silva et al.2009; Bachraig et al. 2011; Changet al. 2017; Finardiet al. 2018) Table 4.2 provides a

summary otheMAl 6 s pros and cons as a diet gquality
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Table 4.2 Strengths and limitations ofthe MAI.

In terms of

Strengths

Limitations

Ease of calculatiorn

1 Simple and easy to calculate
9 Does noheed to convert food intake

to nutrients using energy densities

None

National coverage

Identifiesdietary characteristics of

different populations

Its validity at household level

needs to be confirmed

1 Itis one of the most predictive

indicators of a Mediterranean diet

i Itis debatable if potatoes and
seed oils are typical
Mediterranean diets or not

9 Doesnot consider the overall

Representativeneg § Showsa strong inverse associatior o
_ _ . calorie intake
of diets with coronary heartlisease _ _ _
, 1 Can be misleading for childrer
mortality _
pregnant and lactating womer;
and those following special
diets
) _ _ Can be used with dietary data
It is a quotient measure instead of an _ _ _
o ) obtained in largescale studies only
Flexibility add/subtract score, removing the o
. . if dietary assessment methods ar
necessity of cubff points . _
reliable and valid
1 Captures major shifts in food 1 Red meat and poultry are not
availability trends over time and separated
Efficiency across countries 1 Same importance is given to g
9 Hassatisfactory 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 mdralistic 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

epidemological studies is prdefined diet quality inides 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 guiddietary
patterns Overall, diet quality indices can be clagsif into two categories: indices based on
national/international nutritional recommendations and indices baste blediterranean diet.

Several studies in the literature attempt to compare the great multitude of existing diet quality
indices on the basiof 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 matlee researcher. These
choices involve the selection of components that should be included in the index;dffevalutes that
should be used for each component, and the weights that should be assigned to each component.

Diet quality indices are imeasingly being used to measure associations with biomarkers and
health outcomes. It is found that diet indices are associated with a reduced riskanfsallmortality
and/or mortality and selected diseases. However, this association is attenuatedomfbanding
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.

Inthsesearch, the worl dbébs diets are first empi
defined diet quality index is then exploited to evaluate the diet healthiness. More specifieally,
Mediterranean Adequacy Index (MAI) is selected based on the chsdgjective, data availability as
well as the construction characteristics and numerous proposed advantages of this eatégrin
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 whiclextidtits the most worryingrend
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Chapter 5

Changes in food consumptionpatterns over time

5.1 Chapter introduction

There is a general consensus that food and nutrition information is critical in monitoring thewvgll

of any population and therefore should be incorporated into national information $F#en2018)

Without such rbust information, the progress towards the achievement of Sustainable Development
Goals 1 and 2 (Ending poverty and Ending hunger respectively) could not be adequately measured
(Zezzaet al.2017) The global demand for reliable data on what people eatramidwas acknowledged

at the Second International Conference on Nutrit
we l | as the capacity of, and support to all cou
improved in order to contrite to more effective nutrition surveillance, polimaking and

ac c oun t(RAG/WHO 2034 0p.3)Despite unprecedented progress in the production of household
consumption and expenditure data over the last two decades, national statistical agensieg are

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 couliiieha et al.2018; loannidowet

al. 2020; Placzek 2021)

Against this bacttrop, 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 withéimd betweertountry comparisorfPopkin and
Reardon 2018; Lopez Barrera and Hertel 20BEing 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 10@ngry commodities and food aggregates for
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approximately 185 countries dating back to 146A0O 2018) Notwithstanding its popularity in
empirical studies, the FBS is subject to a critical shortcoming that the consuepgbmaste (food

waste at retaikestaurants, and household) is hot accounted for and hence the data should be interpreted
asfood available for consumptiaather than actual food intak&ilarnauet al.2019)

Utilising the FBS data, this chapter provides a description of changingrmmatif 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 notlprommon trends but also geographical heterogeneity in the
evolutionoft h e wdietsl d 6 s

The rest of the chapter is structured as follows. Section 5.2 assesses major changes in the
composition of the globahveragediet by macronutrients and by food gaggates. 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 acdnomic 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 energyalue of food quantified askilocalories per capita per day, keal/capita/day) is a primary
indicatorof food security and one of the most frequently used meastifesd supply. However, the
adequate supply of other macronutrients is of crucial importance in maintaining putrjigrm Protein,
of whatever sources, serves as the major structural component of muscle and other tissues and is needed
to produce hormones, enzymes and haemogldbioffman and Falvo 2004)Fat is another
macronutrient that plays a vital role in hundiet as it facilitates the absorption of-fdluble vitamins
and forms a structural component of cell wg8shmid 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 deritlee energy supply of carbohydrates, an energy density of 4 kcal

per gram of protein and 9 kcal per gram of ilassumed. These values @@ sed on t he FA

established nutritional guidelin@sAO 2003) The quantity of calories(kcal/capita/day) fromprotein
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:

6 W1 DDA N YD O £ 1 YRiE OIWAEN T 0 QDIOO6 N 1) G (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 period2@B3. Owrall, the daily per capita
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calories grew relentlessly from 2,196 kcal/capita/day in 1961 to 2,884 kcal/capita/day in 2013
increase of 31%. Particularly, the rise in total calories seems to be mostly driven lbyefanergy
supply of which nearly aubled 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 conmglerotein, contains all essential amino acids. Plant
derived 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 dHalifynan 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-fdatimal ratio in protein

supply is approaching one.
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Figure 5.1 Macronutrient composition of the global diet, 19612013.

Figure 5.2 illustrates the contribution of energy supply from three macronutrients to the total
caloric figure as well as the proportions of proteam 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 acoat 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 halfacentury; however, individuals are collecting a greataount of protein from animal sources,
shown by a rise from 32% in 1961 to 40% in 2013. Evidence of the nutrition transitioerésore
obvious in the replacement of carbohydrate with fat and the increased consumption okaniced

foods.

1961

68%

® Carbohydrate supply = Fat supply Protein supply

Amnimal-denved protein supply Plant-derived protein supply

2013

26%

40%

11%

"

® Carbolydrate supply  ® Fat supply Protein supply

Animal-derived protein supply Plant-derived protein supply

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 weufdoke
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 regatdiatye main food groups: (1) Cereails
excluding beer, (2) Vegetable oils, (3) Vegédsah (4) Pulses, (5) Sugar and Sweeteners, (6) Starchy

roots, (7) Alcoholic beverage, (8) Fruitsexcluding wine, (9) Eggs & Milk (excluding butter), (10)
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Meat, (11) Animal fats, (12) Fish and seafood. These food groups represent a comprehensivé picture o
anoveraldi et i n accordance with the FAOOs -sogogd egat i c
foods (1-8) versus animasourcedoods (9-12). It is clear from the inspection of Table 5.1 that energy
intakes from most food aggregates (except Btaroots, pulsesand animal fats) increased over the
period 19612013, contributing to the rising calorie content of the global diet. Specifically, the growth
rate is largest for vegetable oils. This result resonatesDvétvnowski and Popki997)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 mentiowsaasngly
importantrole of animal versus plantierived protein, it is worth examining the various specific sources

of protein presented in Table 5.1. While the supply of pulsefood commodity commonly found in

diets of many developing countries declined by almost one fourth, the apparent consumpigan of

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 anismirced foods is almost two times higher than
vegetablesourced foods even though the latter makes upappately 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
Food aggregates i )
(kcal/capita/day) (kcal/capita/day) (%)
Cereals Excluding Beer 1,086 1,292 19
Vegetable Oils 113 271 140
Vegetables 44 95 116
Pulses 89 68 -24
Vegetablesourced Sugar & Sweeteners 193 236 22
StarchyRoots 175 141 -19
Alcoholic Beverages 53 69 30
Fruits- Excluding Wine 51 97 90
Total 1,804 2,269 26
Eggs & Milk (Excluding Butter) 136 174 28
Meat 110 237 115
Animalsourced  Animal fats 71 61 -14
Fish, Seafood 17 34 100
Total 334 506 51
Grand Total 2,196 2,884 31

Table 5.2 shows changes in the share of energytimaire mainfood 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 intak@% 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 siglyifieachaccourts for
approximatelyonetenth 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
Food aggregates
(%) (%) (%)
Cereals Excluding Beer 49 45 -4
Vegetable Oils 5 9 4
Vegetables 2 3
Vegetablesourced Pulses 4 2 2
Sugar &Sweeteners 9 8 -1
Starchy Roots 8 5 -3
Alcoholic Beverages 2 2 0
Fruits- Excluding Wine 2 3
Eggs & Milk (Excluding
Butter) ® 0
Animatsourced Meat 5 8 3
Animal fats 3 2 -1
Fish, Seafood 1 1 0

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
predominantinthé& t r a d i t,iincubstitutiordfd eadargydense foods such as vegetable oils and
sugar & sweeteners. Second, the share of arsmated 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 gi@ks to
up elements of thé We sa&dietii a trend that is predicted by the nutrition transition model. Other
evidence of the nutrition transitiois available if one delves deeper into the changes regarding
individual food aggregate.

Take the case of cersads 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, tipéysaffiraditional cereals
such asnaize, millet and sorghum declswhereas 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 experigng the nutrition transitiofWHO 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 reducedfisamtly 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 potatsieple in thé We s& er n
dietsince the 1980s. This signals the adoptiothefd We st er né di etary pattern i

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 sarchy roots by commodity type 19612013
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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 O6Westerniseddb. But is
it better denote a common trend with regionalomal nuances? The next section examines changing

patternsof food consumptiomegardingmainregionsof the world

5.3 Evolution in diets of the world regions

5.3.1 An overview on food consumption amonghe 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 Anféigoae 5.5 depicts
the average dailgaloric consumptiofrom 1961 to 2013. Tweeatures 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/capia/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 thethinee 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 amul the former YugoslaviadAhVHO 2003)

Second, total calories have increaseuaaying 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, thesds in Europe and Oceaiiithe 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 fial@gions experienced the most

remar ked growt hs-uipdpleifd®ctthe ndd dtec hiemn@ converger
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Figure 5.5 Daily per capita calories by region, 1962013.

For a better illustrationf 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 cleandrdarker colour that
individuals around the globe have accessed to an increased quantity of calories over the gast half
century. In 2013, the energy supply in countries across Europe, Oceania and North America was mostly
larger than 3,250 kcal/capitaidavhereas the figure fell in the range between 2,750 and 3,100
kcal/capita/day in 1961. In poorer countries across South AsiaS&ludran Africa and South America,
the caloic consumptiomanged 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 earliesection, the global diet experienced a surge in the energy contribution
from animal products over the last five decatles indicaton of the nutrition transition. Figure 5.7
compares changes in the share of anisoalrced foods among the world regio@serall, a rising trend
is observed in most regionepwever the rising speed differs greatly. While the increase in South
America and Europe seems to be in line with the global average figure, the-daiimatl energy
supply nearly tripled in Asia from% 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 animaburced 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 animatsourced products by region, 1961 and 2013.

5.3.2 Convergence versus divergence

The extant literature has documented mounting evidendbddietary convergence that is happening
on a global scale as a result of the nutrition transition {aés, alia, Popkin 1993; Hawkes 2006;
Kearney 2010; Popkiet al. 2012; Khouryet al. 2014; Benthamet al. 2020) Section 5.3.1 presents
evidence for the convergence in the calaonsumptiorof the world regions. This section further
examines the conveegcéddivergenceamong regioal food consumption patterdsy looking at the
evolution in cabries from select food aggregatstarchy 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 thevelve main food groups reported in Talilel. Changes in the calosupply 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 thembetrof 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, batargence happens when regions with the
initially |l ower | evels of calories exhibit the
having the historical higher calorie levels.

Confining attention first to starchy roots, Figure 5.8 clearlywsha 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 betwedhe lines representing these regions have lessened, indicating (sigma)
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convergence. At the same time, Africa exladia diverging pattern from the rest of the world in the
sense that its calories from starchy roots have increased strongly, especraheqaest 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 tlmvest consumption level. Being associated with a low level of calories
in the beginning two decades, Asia however witadtfse most remarkable growth where the calories
from vegetables almost tripled between 1961 and 2013. Particularly, the fact tbelbtieefigure 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 attentiéa 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 represemiod griddle
level of vegetable consumption.

Regarding meat, an increasing trendlisened for all regions except Oceania. Over the past
50 yearsthe meat supply in Northern America, South America, and Europe rose dramatically and
seemed to be convergiiog 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 stagAfmtamat below 100 kcal and
showed no signs d@tatching upwith the remaining regions.

In terms of vegetable oilshe supply was initially highest in Northern America, middle in
Europe and low in the remaining regions. Throughout thgea®period, he supply remained highest
in Northern America;nonethelessthe calorie figureincreased dramatically anat least doubled
everywherebetween 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 thec&catching upphenomenon in the beta convergence literataraddition, 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 smallesberof calories from vegetable oils, at
approximaely 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 resuttiets 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 bugkniel
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 tendencgtherthan a universal diaty type.
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Figure 5.8 Daily per capita calories of select food groups by region, 19&D13.

5.4 General trends in global obesity

Major changes in the globphtterns ofood consumptionwere 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 anibaased foods (typical of the nutrition tsation).

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@&dzy 2019b)

This section aims to depict the important treretgarding 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 amibalance of energy. When energy intake (often measured in kilocalories) exceeds
the energy burnt off through daily activities, the excess energy (also kname®y surplukis stored
by the body as fat and weight gain is expected. Conversegnengydeficitis 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 sedentary lifestyle). 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 obesityisatesvitable.

WHO deems overweight and obesity as a state
(WHO 2017a) An individual 6s degree of adiposity canr
are some proxies based on anthropometric featua¢sdn be easily measur8mbdy Mass IndefBMI),

defined as the ratio between weight (in kilograms) and the square of the height in métrestta
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most used indicatdBCFN 2012) For example, an adult who weighs 70kg and is 1.7m tall will have a
BMI of 70/1.7G = 24.2. Based on the measured BMI values, an individual can be considered as
underweight, overweightr obese. The WHO defines these different conditions using thefqaints

in Table 5.3. An adult with a BMI greater than or equal3dkg/n? is classified as being overweight,

and a BMI greater than or equal to 30 k§isdefined as obese.

Table 5.3 WHO classification of underweight, overweight and obesity.

Classification BMI (kg/m 2?)

Underweight <18.50
Normal range 18.501 24.99

Overweight 2 25.00
Preobese 25.007 29.99

Obese 2.30.00
Obese class | 30.001 34.99
Obese class Il (severe obesity) 35.001 39.99

Obese class Il (morbid obesity) 2 .40.00

SourceWHO (2004)

Being recognised internationally, BNH a quick and effective method for estimating body fat
and monitoring obesity trends at population leglu 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 distributio(Nuoittit 2015)
Other factors, sth as the waisto-hip ratio, waistto-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. &gplainedby Yusufet al.(2005) waist-to-hip ratio is a better predictor
of coronary disease among BMI, waisthip ratio and waist circumference. Second, theofiwvalues
for BMI need adjusting when implementing for a specific ethnic. For example, Lau et al (2020)
recommend BMI cubffs of 23 and 27.5 for Asian adults since they have a higher body fat percentage
and greater cardiovascular risks compared with-Asian with the same BMI due to variations in
muscularity and body frame.

Data on obesity prevalence, i.e. percentage of défin@p opul at i on wi?{% a BMI

agestandardised) are available from the WHO Global Health Observatory data repo$ieryglata

L 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 thidataset major trends in obesity prevalence are explored subsequently.

Figure 59 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 Asn@ioand 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 So#ithst Asia and Western Pacific; yet, the rises are staggering,
from less than 1% of the total poptiten 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 ofriycmuntry has been able

to significantly reverse its rising obesity tref®winburnet al.2011; Swinburretal. 2019)
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Figure 5.9 Prevalence of obesity in adults by region, 1975 and 2016.

Figure 5.D reports the obesity prevalence by World Bank income groups. Broadly speaking,
the richer the country the highertlobesity 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 Adisease of the affluentd, obeqshoydbémidi nf | i c
to lowerincome 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 countsmcome level, 1975016.

Figure 5.1 plots the prevalence of obesity in adults for males and females. The obesity
prevalence has increased substantially for both sexes but witmgaspeeds. 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 moreymlent 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, 197816.
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55 The link between food, healthand economic prosperity

The relationship between food and health is complex since everyone needsdfaid/eg 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, Figub.6 indicates that the total food sypjd foundto 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 awekationship 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 acldmb up the economic ladder

I n order to answer the question AHow igloes f o
given inFigures 5.2. The interaction between food supply, health and income oveididepicted by
two bubble charts for 1975 an@23 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/dagach bubble is a country, the colourresponds to
a geographical region, and the size denotes the obesity prevalence.

The overall message from Figure 5i4 that food supply tends to increase as national income
rises. In 1975, on average an individual earned 1,000$ per year and consuné2difoidocalories
a day. In 2013, the average income increased fivedold the energy contained in an average diet rose
by almost a third to 2,800I&kcalories Over the past four decademt only did national economies
grow and the bubbles shift daimly 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, indiduals 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 GDBgit.dn either bubble
chart, the evidence for highcome countries with lovgalorie 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 predictdrthetrendin food availability than théevelof caloric consumption.

Another striking feature from Figure 2 Is that over the past 40 years all bubbles increased in
sizesi an indication of rising obesity prevalence. Even though the causes of/@resibanifold and
often involve an array of genetic, metabolic, social, environmemdl|behavioural factors, its dietary
origin is obvious. Whilst individuals are increasingly exposed to a larger quantity of calories especially
in the forms of energgense, ultrgprocessed 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.

128



.;;;.O o
> ) .
: " a8
E Yo
£ Om@
3 . .
: D v & @
z ® o
] ¢ ©
i 0‘ o.... %Q" @O
: S ® N,
§ v e 0@ ®
= . o9
° . =
b L ® o
‘e Saudi Arab
I Saudi Arabia ®
®
® s a6
GDP per capita (current USS)
E.
=
-
s
Z
=
4
5.
2
-
]
=
]
k]
-

GDP per capita (current USS)

Figure 5.12 The foodi incomei 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 &tdr 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 th§RAM%

2015) However, little is known about how much food is wasted by consumeosis¢iiold and retalil
level mostly due to the lack of data at the national and international léaikt al. 2009; FAQet al.
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2019) Despite some existing efforts in quantifying food waste (see, for exabggez Barrera and
Hertel 2021) the methodologys greatly heterogenous from country to coutifye et al.2017) The
bottom line is the absence of one unique definition of food w@skemareet al. 2017) Without
taking into account food waste and how it varies temporally and spatially, one oaaketiccurate
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 requiredLopez Barrera and Hertel 2021} does not necessarily mean that everyone is
obtaining sufficient calories without consideringg tistribution of calories within each country. For
example, poorer groups in a country may consume a particular food item less than the recommended
| evel whereas richer individuals may consume wel
effectwhen 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 withe &édoubl e burden of n
the coeexistence of undernutrition and overnutriti@rinivasaret al.2006) Thus, when discussing the
effect of income on food, it would be insufficient to not mention the witimantry distribution as
previows studies have pointed out that obesity rates depend on income distrifiionslaer and
Koolman 2004; Cost&ont and Gil 2008; Drewnowski 2009; Clémentl.2021)and perhaps so does
food consumption. In the literature, the extent to which incomeasisilmited 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 distributimand 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 persdaxisting evidencewggests thahigh inequaities (GINI index of over 40)
are associated with undernourishment rates above 10% in Africa and South Asnericereover,
countries experiencingsing income inequality are most vulnerable to overnutrition problérresill
et al.2014)

In order to ilustrate 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 fpwiddle and highincome levels. Itan be seen from Figure
5.13 that higkincome countries are characterised by consistently low inequality (GINI index below 40)
and high food availability in both 1993 and 2013. Regarding mithdieme countries, mixed trends in
income inequality are foundkor 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. Withgse 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 middlancome countris, 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 patterrwforclame
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.
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Figure 5.13The foodi 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 worldwibsel withp
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 anphet in the contribution of cereals and starchy roots, are once
again characterised by thetrition transitionthat is happening worldwide.

In addition, there is evidence for the conweggconsumptioramong the world regions when
looking at total caloricsupply 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 thheuiging 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 ggographical regions, the next chapter will employ a cotrased analysis.
Using a global data set varying across countries and time aswgstalysis will help to better decodify

the worl dés diets by i deanddiethrypdtargs. t he common di
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Chapter 6

Revisiting the convergence in global patterns dbod 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
messagesiclude (i) rapid risingfood availabiity 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 acntisestou

In the extant literature, the abovementioned dietary changes and their nutrition impacts are
referred to as theutrition transitioni one of the five stages describing predictable shifts in dietary and
physical activity patterns (Popkin 1993; Keay 2010; Popkiet al.2012).While nutritionalshifts are
occurring at varying speeds in different regidhe most rapid changes are observed in the developing
world (Hawkeset al. 2017) It is shown thathe transition that occurred in the West oveoaple of
centuries @ok place in developing countries within just a few deca@Reapkin 2002b; Popkin and
GordortLarsen 2016)This seems to suggest converging diets at the global level. Various drivers from
both supply and demandide of the food syste have been proposed for the dietary changes. Rising
incomes and urbanisation around the world are blamed for promoting diets rich in-soimta foods,
fat, salt and sugaiMartin 2019). Globalisation and its influences, including mass marketing and th
rise of supermarkets, are -@ftioted contributors to a tendency towards the consumption of energy
dense and processed fog@rewnowski and Popkin 1997; Kennedy al. 2004; Unnevehr 2004;
Oberlandeet al.2017; Martin 2018)

133



Despite mounting evidender 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 pattessscacmtries by
comparing a descriptive statistic (often the coefficient of variation) over(Btaedford 1984; Angulo
et al.2001; Regmi and Unnevehr 2006; Regrnal. 2008b; Nowak and Kochkova 201dy) via cross
sectional/time series regression (Herrmann and Réder 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 $lasved 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 aesoagraphics) (Herrmann
and Roa@r 1995; Erbe Healy 2014; Srivastataal.2016; Gouel and Guimbard 2019). So far, viery
studies have examined pattenfdood consumption at the global lev@houry et al. 2014; Azzam
2020; Benthanet al. 2020; Bellet al. 2021} yet, the emphasisas been mostly puin evaluating the
similarity across national diets and to date formal convergence tests havargeBnmissing

This chapter examines the evolution of global diets using the daily per capita total calories
available for consumptiorof 118 countries over the period 198013and revisit the problem of global
dietary convergence in light of econometric teMsre specifically, this research first assessgma
convergencdor the global average calories. Any decrease/increase co#iicient of variation over
time indicates convergence/divergence. The concepttaf convergencis then applied to the calorie
availability data. Beta convergence refers to the phenomenon in economics whereby poor countries tend
to grow faster and ¢ & h with pich countries (Barro and SailldMartin 1992). To test this formally,
an unconditional beta convergenerodel is introduced to describe tliec a t -a b éffacts 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 thatarefers to the regression coefficient. In the beta
convergence model of food consumptiorsignificantly negative beta coefficient indicates that-low
calorie countries of the historical past exhibit higher growth rates over time and are approaching the
calorie levels of higkcalorie countries.Additionally, the structural parameters considerddving
forces behind dietary changes (Section 2.3.2, Chapt@re2addedn 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 stineal conditions such as the population growth rate, the
rising speed of income, or the land use for food productiorhamogeneouscross countries, the
conditionalbeta convergenamodel accommodates heterogeneous nature of countries differing in these
parameterdn essencgboth diets and dietary changes are greatly heterogeneous.

The results of conditional beta convergence model could highlighththathanges in calorie
consumption are not uniform across countries and neither is the convergecesspThis brings up

the question of to what extent the territorial aspects of countries are relevant in convergence analysis.

Does the countryds |l ocation matter in convergenc
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process takes place owane 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 regiongAnnoniet al.2019) perhaps countries with higtalorie dies might likely be located near
countries with similarly higtcalorie 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
(Chocholata and Furkova 2017;0layekar and Mukhopadhyay 201%ery few studies have
investigated spatial patterns in explaining headflated outcomes such as obesity prevalence (for
exampleHajizadehetal.2 0 1 6 ; St a.@cfartylikle HaAHbeh Pone in food economics.
Conceptually, the spatial dimensishould be addeih a model if it plays an important role in
explaining the procesy interest or it can act as a reasonable proxy for other factors not included in the
model. To illustrate the former, rice is predomithaproduced 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 offéest 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 rftagiating spatial dimension into beta
convergence analysis of food consumption. First, this allows to account for the fact that national diets
are spatially dependent meani ng t hat changes in a countryos
factors belongig to not only the country but also the neighbours. In the real world, technological
communications, knowledge diffusions, crdssder trades, migration, contagious diseases, and global
economic crises are examples showing how the smmoomic environmdsa that facilitate food
demand and food supply of a country can extend beyond international boundaries and interact with
those of the neighboutsa phenomenonknownéss pati al effectsd in the spe
interdependence captures thmpact 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 estinfati@nconvergence 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 stiard 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 f@ln$ tireethod will
not provide reliable results. Third, incorporatithg spatial dimension into beta convergence analysis
allows to document and quantifyspillv er ef fects. Knowing that public
across international bordeiss tremendously useful to policymakers when formulating their policies,
and this is recognised as the first important step in ensuring policy coh¢@EC® 2021) Despite
these abovementioned justifications, the influence of the space on dietary cangdrgs been under

studied in the earlier literature. iBlresearcfills this void. In the second part of the empirical analysis
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a spatialbeta convergencmodelis adopted The novelty of this method is in the quantification of
spatial effects, the idéfication 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 quantifiby 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 captire networ
of interaction, colonial links, and shared characteristics in for example language spoken, religion, or
origins of the legal systefffhmad and Hall 2017)Building on this development, spatial analysis of
food consumption can also benefit from adoptingoa-geographical measure of spatial proximity.
Historically, civilisations emerged primarily in regions where the natural conditions were more
favourable for stable agricultural productighandes 1998) While weather conditions shape a
count r yovse pcraopdauccittiy determining a personds i mme:
conditioned by deeply rooted cultural and religious beliefs, perceptions and values which are naturally
tied to the geographical area in which one inhgBiekkeret al.2017) Nonetheless, that paradigm has
shifted sncetrade and other economic manifestations of globalisation have replaced food production
andasaresylf ood availability, accessibility and cons:s
wealththan geographical location its¢Pawlak 2016; Sadowski 20l1yowaday s, At he r oot
most f ood i ns e©HRCDi2G2Q) Thuss ecgnamicdactory lmbecome an important
spatial dimension of food securitfgainst 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 nottraditional proximity measures. Importantly, a proximity measure in terms of
economics rather than geograpbyproposedThis specification points tmcome level (rather than
geographical closeness) that is driving the similarities in diets observed worldwide

The remainder of 1B chapter proceeds as follows. Section 6.2 presents the methods, Section

6.3introduces the data. Section 6.4 discusses the empigds 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 topie Tt er m é6i ncome 6 i s a gener

136



on the research topic and objectives, it can be GDP per capita, wage per worker, consumption level, etc.
Different convergence concepts are described in Sectio(Chapter 2). Briefly, there are two main
cornvergence theories in convergence empirics: sigma and beta convergence.

Sigma convergenaefers to the reduction in cresectional dispersion of income over time
(Quah 1993), whildeta convergenaeccurs when economies with initially lower levels of income tend
to grow fasterthanar@ ¢ a t avith thoge @ith initially higher levels of income (Baumol 1986; Barro
and Sala-Martin 1992).

The concept of beta convergence is supported by thelassical growth modé5olow 1956)
which argues that the source of convergence is the diminishing return to capital. In simple terms, it
means thahational incomes converge with one another in therterm regardless of the initial
conditionsi a hypothesis commonly known asconditional (or absolutg¢ beta convergencelhe
absolute beta convergence is usually tested through asgoisnal equation regressing the average
growth rates on the indél 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 $a#artin 1992). The assumptios that countries
eventually converge to the same global steady state equilibrium.

If national incomes converge with one another in the Hemm only providing that their
structural conditions (such as technologies, human capital, population growthegaémstitutions)
are identical, that impliesonditional beta convergeng®lankiw et al. 1992). The equilibrium differs
by economy, and each country approaches its own unique equilibrium. In the case of conditional
convergence, the negative relatiomsbétween initial incomes and the average growth rates holds only
after controlling for the structural characteristics. Therefore, the -saational 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 loAgrm but need not convergae the same equilibrium path (Galor 1996).
This gave rise to thelub convergenclypothesis according to which countries belonging to the same
6cl ubd mov e -speofiv steadistate equilibium, and there is no convergence across
different setof equilibria. The empirical testing of club convergence usually involves the regression
based technique developed by Phillips and(3007) 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 Sectio®.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. Thisgkrsion in per capita daily calories, measured by the coefficient of

variation (CV), is calculated as:

0w (6.1)

wherew is the per capita daily calesobservedn thet-th yearfor thei-th country w is the average
per capita dailgalories in the-th yearfor all countriesAny reduction in the CV indicates a decline in
the dispersion among countries, thus suggesting sigma convergence.

In order toquantify this converging pattern, absolute beta convergence will be then examined.
This specification involves regressing the crssstional growth rates on the initial levels. this
analysis, a simplified version of the growth equation shovdaimo and Salai-Martin (1992)is utilised.

Specifically, the following linear regression is estimated

iie— 6 Tiidy - (62)

h
wherewy andwy  arerespectively the per capita daily caksof countryi at theinitial and final
periods “Yis the number of years; is the standard errobeing independently and identically
distributed with mean 0 and variance. The lefthand side of equatior6 ) represents the average
annual growth rate of per capita daily calories ofittrecountry.
If 1 is significantly negative, there is an inverse relationship between the initial calorie level

and the calorie growth rate that is indicative of conwvecge a significantly positive implies

divergence. The estimatedalso indicates the rate at which regions approach their steady state, i.e. the

speed of convergenderom the estimation ¢f, the annual speed of convergence can be computed as:
— —_— (6.3)

and thehalf-life (the number of years required for progress halfway towards the stttdylevel when

convergence is aamed to have been achievelyiven by:
T — (6.4)

However, the intercept in equation Zomay be influenced by structural factors that vary
among groups of countries, directitggm on a path to different steastate levels. For example, Barro
and Sala-Martin (1992) cite the betweecountry differences in technology or consumer preferences.
Since the rate of convergence might be influenced by such structural differendegertept could

vary among countries at different levels of development. Therefore, the beta convergence model
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represented in equation 25.will be further investigatedmongfour country groupings: lovincome,
lower-middle-income, uppemiddleincome, ad highincome. Furthermore,a conditional beta
convergence specificatiocan be introduced by incorporating thteucturalfactors affecting dietary

changes ito the righthand side of equation (6.2) as additional explanatory variables.

6.22 Incorporating spatial effects into regression models

In the second part of thishapter, theylobal dietary convergends examined by the means of spatial

data analysisSpatial dependenc®r spatial autocorrelationrefers to the existence of a functdn
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 clusiesghce.

An overview of spatial dependence

The First Law of Geography, according to Toh(#870, p.236), statesthatEv e r yt hi ng i s r €
everything el se, but near t hiThighas baen the fumdamentalr e | at |
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) lave 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 @173 1981) much of the sgal 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 restr@l to geographical meaningaind her e i s more to space
(Becketal.2 0 06) . This idea is conveyed in Toblerbds S
Aproximity and near can t ake Batentlyananyspatielatudiesngs i n

handle crossinit 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 Ag&8n
Griffith (1988, Haining (1990, Cressig1993, Haining (2003, Anselin(2006, Arbia (2006, LeSage
and Pacg¢2009 andAnselin (2010). Though the adjectiapatialis 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 @omic 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 formen is ghe
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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 k&t 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 thenotionofthe6 spaced i s not strictly geographical

In addition to the above economic reasons, spatial interaction models are attractiam from
econometric point of view. Often in economics one needs to explicitly account for the interaction of an
economic agent with heterogeneous agents due to socias noeighbourhood effects, copycatting.

Such models seek to determine how the magnitude of a variable at a given location is influenced by
values of the same vampiaahlae @ t.tBesidase the gravicgacdn o n s
popularity of spatiatiata 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, vidlate 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
modelw | T @ - itdoes nothold thatx "@&Q(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 anddhberfiey of the series is set, teenporal
dependencéor temporal autocorrelationrefers to the phenomenon that values of a variable depend
on past values of the same variable, and the subsebiptp 0 ¢ BBded ¢care used to denote
observationsf 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 soalledspatial weight matrixo , which will be discussed in the next secti®imilar
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 astraightforward extension of temporal dependence. To illustrate, two geographical units can
influence each other mutually, representing multidirectional nature (rediorntg\neighbour§ other
regionsP region A) whereas two observations in time exhilpiidirectional 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 compdrto 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 2008n 204®). Even
though the exploration of spatial dependence dates back over 40 years (Cliff and Ord 1969), many basic

guestions regarding the construction method and the testing procedure remain (&wwne2i013)
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Part of the disagreement involves #pecification 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 weightmatrix: construction and specification

If there are) crosssectional units, the nemegative 6 ) square matrixo 0 d@Q pH R
is called thespatial weight matrixsummarising the spatial relationship. Each spatial weight
represents the spatial influence of fkid unit on thei-th unit. It is assumed that  tfor all"Q
pf8 AY (a unit does not influence itself directly); and hence the spatial weidtikias zero diagonal.
Two units‘@GndCare neighbours i 1, and not neighbours whé&n 1@ The neighbourhood of
thei-th unit is the set of observations with which it has a certain spatial linkage (i.e the spatial weight
greater than 0). Des#te being relatively simple and intuitive, the construction of the spatial weight
matrix @ 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.#wacsuld 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 consict @ have been proposed in previous studies depending on the
definition of spatial relationship, and two most popular approaches in¢ludeundarybased and (ii)
distancebased. The boundaries (due to either geographical or administrative natueel) lsftaveen
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 etaronlength.For
instance, France is contiguous to SpaianEe is contiguous to Germany, and Spain is not contiguous
to GermanyBoundarybased matrices are easy to comprehend, yet it can be problematic in the case of
isolated regions (for exampl&icily island in Italy or Malta). One solution is to assign thearest
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, distandeased matrices translate the spatial weights as a function of how far
two spatial units are from each other. A distance medQuigetween thé-th andj-th units indicates
the intensity of the spatial linkage between two unitss then established to reflect the distance decay,
or in other words further units exert wealkefluence than closer ones. It is easy to thiniQofas a
distance between points but it can represent a distance between polygon centroids or central points.
Unless the distand@ 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 polygiopsints, and when the logic
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of bordersharing is invalid. Another advantage is that the spatial distance can be measured-in a non
geographical way (Corrado and Fingleton 2012).
Based on these two approaches, the main types of spatial weight ma&iasdalows.

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:
pQ®E Cm)ls holcbs é. 0"QQO6 € 06 65
mE ®Mi 0 QI Q

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
consideed, 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 Rboorddrspoint folloviggr i o n
Queends contiguity. I n the sense of Bi shopods
common node. Figuré. 1 demonstrates how Rook, Bi shop and

neighbours of the uni@ake the olour shades while the nereighbours are not coloured.

Rook’s contiguity Bishop’s contiguity Queen’s contiguity
j1 j2 j3 j1 j2 j3 j1 j2 j3
j8 7 j4 j8 i j4 j8 i j4
j7 j6 j5 j7 j6 j5 j7 j6 j5

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 Kelosest observations are considered as neighbours of the given

observation. Let the distances from each spati@l'Qo all units’Q ‘e ranked a® Q
E Q . Then for eaciQ pMB R p, the seti Q "Op KO B AQQ contains thek-
nearest units tFor each given (nenegative)Q the knearest neighbour weight matrix, has spatia

weights of the following form:
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Radial distance weight matrix

An alternative way to define neighbourhood is to draw a circle of-dgfired radius with theth unit
being the centre and consider all observations inside the circle neighbdQisetf) be the pre
defined threshold distance between two unitgobd which there is no direct spatial effect between
spatial units. There is an assumption of 4diminishing effects in distance up to the thresHhald

Figure6.2 illustrates the fearest neighbour distance and radial distance. The spatial weighés of
radial distance weight matrix are given by:

, PR Q Q 5
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(a) K-nearest neighbour distance (b) Radial distance

Figure 6.2 K-nearest neighbour distance versugadial 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:

0 Q (6.9
wherg is a positive integer (usually 1 or 2)| If p, 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 deteymined b
0 Q (6.9

wherg is a positive integer.

Once the spatial weight matrix 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 matigsuning that the normalised matrio

0 is derived from the original spatial weight matéix 0 . Various ways to obtait have

been proposed, and the most popular techniques incdudeormalisationandscalar normalisation
Regarding row normalisation, tlfi j)-th element ofo become® i » Wherel is the

sum of thei-th row of @ . After row normalisation, each row @ will sum up to one
B 0¥ ph'Q ph8 H). The symmetrico matrix will produce an asymmetric matrix. Sincen
is nonnegative, all weight® are between 0 and 1. In practide,can also be column normalised so
that elements of each column sum upne The column elements of a spatial weight matrix show the
impact of a particular unit on all other unitshile 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 unitiver all
units equalised (Elhorst 2014). In spite of being a common approach, row normalisation is not without
criticism. Kelejian and Pruché2010) warn that row normalisation might lead to misspecification
problem. This is particularly true when the invedsstance 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).

An alternative to row normalisation is scalar normalisation in whichs derived by
multiplying W with a scalar . The main benefit of scalar normalisation is that the symmetryrend

internal structure of spatial weightatnix are preserved. Often:
r Py (6.10

where0 represents the largest elementcof(Elhorst 2001; Kelejian and Prucha 2010). This

ensures that the resulting spatial weightsare between 0 and 1.

Another option is to derive the mimax normalised matrig by selecting:

Py (6.19)
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whered | EBddad R oo , withda da  andd ¢ @wd being thelargest row sum and
column sum ofo (Kelejian and Prucha 2010).

Alternatively, to obtain a spectrabrmalised matrix the scalar is set as:
rPy (6.12

wherg’ is the largest eigenvalue af (Ord 1975).

The existence of numerous methods to develop the spatial weight matrix poses a question of
selecting the optimur . Previous researcheadvise that any choice should be backed up by a solid
theoretical standpoint (Kelejian and Prucha 2010; Corrado and Fingleton 2012; Neumayer and Plimper
2016). In reality, the construction procedure is subjective (Chen 2012) and economic theory
underpinting spatial econometric applications often has little to guide the specification(/Ahselin
2002; Leenders 2002). Therefore, examining the robustness of the results derived from a spatial model
subject to the specification of the spatial weight masrixsually recommended (Elhorst 2014). Despite
these criticisms, t he ud adequatelyeepresent tbeespatial mkagesi | d b
bet ween units regarding the variable of interest

Having specified an appropriate spatial weight mathi&,next steppefore 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 popula

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). Pes#ipatial 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 sygests 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 autocorrelagtois te determine if a variable is

more positively or negatively spatially autocorrelated thaewould expect in a random distribution.

It should be made clear that the test of spatial autocorrelation can be run for: @yrgtoss
observations of a veable 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 caddye before or after estimating the
regression model. In any case, the spatial dependence structure, represantastidnyld be provided
externally and resultsf the spatial autocorrelation tesiie conditioned to that informatioBroadly

speaking spatial autocorrelation testing procedures can be categorised into two classes: (i) general tests
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withouta specified alternative hypothesis (the most
statistics), and (ii) specific testgith a specified alterative hypothesis (for instance LM test and its
variants).

Among the proposed measuremerdd, o b a | Mo r a n(Mosan 19508, t19600) s t i Cc s
generalisation of Pearsonés correlation coeffici
calculate spatial autocorrelation. The intuition behind this index is pretty straightforward. Returning to
the food consumpin example above, assume tlaatesearchewants 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 gheanroountries) 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 &xositive 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 muahitoitgeneighbours
than the European average (or vice versa), the spatial autocorrelation would be negative.

The formula to compute the Gl obal Morands |

B B

0 — 5 (6.13

whered is the deviation from the meaw ( «f of the value of variable at the locatiagn) is the
spatial weight determining the relationship between locatioasd j; U is the total number of
observations; &8s the sum of all the spatial weighty B B 0

The Gl obal Mor an 6 s -1and 1nRbsitive (or actag)evalue mdicatese e n
positive (or negative) spatial autocorrelation, i.e. observatitngein same (or opposite) direction as
their neighbours. A value of zero indicates that observations follow a random pattern in space.
Regarding its advantages, Globdb r andés | statistics is shown to b
and is proved by Anselin and Floréd95) to consistently outperform the proposed alternatives such
as the tests @urridge(1980)andAnselin(1994) or the robust tests &felejianand Robinsoi§1992)

The formula in equation6(13) shares some similarities with the DurWhatson test for
temporal autocorrelation in time series analysis (Anselin and Bera 1998faanide applied to a
variable of interest or residuals from a linear regression model. Similar to other analysegpattant
to know if the computed Morands | value is signi
random distribution. This would be possible if the varianc8def known. This variance can be
computed in three different ways: Monte @asimulation, normality oo, and randomisation @b.
The second approach assumes that the random vakdbliows a normal distribution whereas this

normality assumption is not necessary following the third approach, but it instead considers th
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observed values @b to be repeatedly randomly permutedspatial autocorrelation test based on the

Gl obal Moranobs | statistic can be formul ated wit

Ho: there is no spatial autocorrelatio® 1 ;

Ha: there are spatial fefcts 'O 1.

The alternative hypothesis could be @ided or twesided, howevethe specific process that generates
spatial effects (i.e. the source of spatial effects) is not stated.

I n the above discussi orsexplredo assdsotbeasimilafithoor a n 6 s
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
randonl y di stri buted across Europe? To recap, the s
for the existence of spatial autocorrelation (i.e. observations are not spatially distributed in a random
manner), the sign of the index (negative/positivejgests 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 Gl obal Morands | index is a gl obarntiredatasett i st i c
with a single value. In doing so, the Gl obal Mo r
is to its neighbours, and then averages out all these comparisons to give an overall idea about the spatial
pattern of the variable. Wiailthe 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. Particuiealydition 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 caskis interestingo identify hot spotsor cold spotgegions where
the vale of the variable under consideration is extremely pronounced across localities. This however
can be deducted bytheo c al Mo r a maBoknown akdcal Indicators ot Spatial Association
(LISA) (Anselin 1995) Unl i ke t he Gl io leah locMionrimspateshaditsevnat i st
unique spatial autocorrelation value as well as its own variance.

The Local Mor anods | statistic can be calcul at
00— B - 0 & df (6.14)

wherew is the value at location ofis the mean value of all observations; is the spatial weight

between locationisandj; U is the total number of observations, dMds the variance defined d¥

Ba T

Similar to the Global Mor ands | i ndex, a spa
Local Miondexa modderivep-v al ues of the Local Mor ands | i n
method is utilised and the number of neighbours for esthis required. In short, the Bonferroni

correction divides the level of significanadoy the average number of neighbours in each test (Anseline
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1995). If the adjusteg-val ue i s | ower than 0. 05, the Local Mo
at 5% significance level.

A significantly positive value ab “@dicates thalocationi has neighbours with simillgrhigh
or low values, and the |l ocation i0sOhdcadsthathe a @A sp
value atlocationi is different from its surrounding locations, and locations a fAspati al o]
Classifying each observation in the data set depending on the value of itself and its neighbours, the
Local Moranods | can detect s @G e rctornacteindrsatad fo ntsi
(Acold spotso) as well as spatial outliers. Ar e
intake? Where carwe find the unexpectedly high calorie consumption across the sample? The local
statistic helps to answer these questions.

I n additi on, the wvalues of t he Local Mor ano
relationship between each location and therage of its neighbours. An example is given in Figure
6.3. The horizontal axis represents value at locatiamereas the vertical axis represents values in the
neighbourhood off Since the graph is centred on the mean (of zero), consideringatkisadl points
to the right of the vertical lin@ mrepresent values higher than averagpereasll points to the left
represent values lower than average. These values are respectively referréditd agh 6 and @Al o
Likewise, considering the-gxis poiris above and below the horizontal lise 1 can be regarded as
Ahighd (frdsmectiely.

An important feature of the Moran scatterplot is the connection between Global and Local
Morandés | statistics by c¢l asdaionfinioifoorgategonies. Pairdst ur e ¢
in the top right corner of the scatterplot denote locations in which values at lacatitits neighbours
are Ahighd (above the mean), signalling positive
of the plot indicate locations in which values at locatoand i ts nei ghbours are
mean), also suggesting positive spatial autocorrelation. Points in the top left corner of the plot represent
locations in which the value at location s fiwhoiwoe val ues at its neighbou
points in the lower right corner represent locations where the value atlocaten A hi ghd but v &
its neighbours are Al owo. Both situatg lmsedondescr i
the values of the Local Morandés | stati-Bighic, a |
(cluster of high values, or hot spots), Ldww (cluster of low values, or cold spots), Higbw (outlier
with a high value and is surroundpdmarily by neighbours with low values), or Leiigh (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
Mo r a n 0 dic. In Figute&3t thedest 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 th&s| o b a | and Local Yeoarahtastbs spatialst at i s

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, Ld¥agk@range
Multiplier) tests (Anselin 1988) and robust LM tests (Anselial. 1996) arespecific testsTherefore,
the LM test and its variants can discriminate the source of spatial dependence and identify a more
appropriate spatial model alternatiBnth classic and robust LM tests are run for the residuals of the
OLS model and follow a cksquared distribution with 1 degree of freedom. The purpose is to justify
the need of an alternative spatial model. The null hypothesis of no spatial autocorrslagsted
against a specific alternative hypothesis based on the type of LdVIBektw is the list of hypotheses
according to the LM test and its variatit®lejian and Prucha 2001), the name of the test is given inside
the parentheses. Each altermathypothesis suggesta alternativespatial model, the details of these
models are discussed in the next section.

Ho: there is no spatial autocorrelation;

Ha (LM-err): spatial error model,

Ha (LM-lag): spatial lag model;

Ha (RLMerr): robust version of LMerr;

Ha (RLMIag): robust version of LMag;

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 tegtession models that

include spatial effects. The starting point is the-spatial linear regression model given as:
w | B 1 & -h Q pBW (6.15)

wherew is the dependent variable correspondiaghei-th observatior|, is the interceptpy Q
ph8 iy denotes thé-th independent variable of theh observation) is the number of exogeneous
independent variablels, representghe coefficients to be estimated, ands the error term. It is

convenient to rewrite the model i6.15) in matrix notation as:
» | »F - (6.16)

where®denotes a  p vector of the depwelent variable for each observation in the samifle
pfB ) , isan0 p vector of ones associated the constatu be estimatedpis an0 0 matrix
of the independent variables {s the number of exogeneous independent variableis)av p
vector of the parameters to be estimated,-aischn0  p vector of the error terms with assumed to
be independently and identically distributed with zero mean and constant variadeebe consistent
with conventional models introduced in magpatial 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 demendeiable, (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
anmong dependent variable, independent variables, or error terms. Bigutemonstrates interaction

effects and the corresponding appropriate econometric model.

T1 - SAR model T2 — SLX model T3 — SEM model

X2

» Non-spatial effects - » Spatial effects

Figure 6.4 Spatial effects and thecorresponding spatial interaction models.
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According to the endogenous interaction (T1), the dependent variable of a spatial unit, say
w , depends on the dependent variable of other unitgspsdyor examplew 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 theurrent selling price of nearby houses ). To account for this endogenous
interaction effectSpatial Lag Modelor also known aSpatial Autoregressive ModébAR) includes
spatial lag (dependent) variables to explain the spatial linkagpatial lag of a variable is defined as
the weighted average of observations on that variable over the neighbouring l@iSAR model
(Cliff and Ord 1973; Ord 1975; Bivand 1984; Anselin 1988; LeSage and Pace 2009) generally takes

the following form:

@ | "o W o- (6.17)
where” is the spatial autoregressive coefficient an@represents the endogenous interaction effects
among the dependent variable. Of importance isplad¢ial autoregressiy@mrametef which measures
the intensity of the spatial dependence. Positive (negdtiwgelds positive (negative) spatial
dependence, and the value of 0 equates médé)) (with the traditional OLS model ir6(16).

The exogenous interaction effect (T2jers to the situation where the dependent variable of a
particular unit, sayo, depends on independent variables of other unitspsa@ontinuing with the
previous example, the selling price of a hous@ (hay be influenced by the characteristi€ésiearby
houses (for instance their size, location, the availability of garage, proximity to shops) which are

denoted byw . | f this phenomenon Qgatuirasl, U aESLE)fpeXi Mioad
(Gibbons and Overman 2012) is required:

O 1 O od—- (6.18)

where @ @ represents the exogenous interaction effects among the independent variable, and
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 fran 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 housgatial Error Mode(SEM) (Cliff and Ord 1973; Ord 1975;
Anselin 1988; LeSage and Pace 2009) aims to corr

® | T - (6.19a)
- _w-0 (6.19b)
where_ is the spatial error coefficient amal- 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. Ang&B88) and Anselirt al.(1996)
devise the testing procedure for a spatial lag aiaparor 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 Prudii®98) and Elhorg2010) advocatS ARARmodel 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 BatiadDurbin
Model(SDM) (Anselin 1988) whereas the combination of T2 andéfects requires the use $patial
Durbin Error model(SDEM).

Ultimately, the most general model, which includes three types of interaction effects, takes the

following form:

O O O Gd—- (6.208)

- _®-0 (6.200)

wherew denotes the interaction among dependent variab{dthe interaction among exogenous
independent variables, add- the interaction among error terms. Thisdabis usually referred to as
theGeneral Nesting Spatiahodel(GNS). Important parameters includei the spatial autoregressive
coefficient, and_7 the spatial autocorrelation coefficientjust likef , isav  p vector of fixed but
unknown parmeters to be estimated.

Figure6.5 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 differecolours. The interrelationships among these models are indicated
by arrows. From the lefto righthand side, more specific models can be attained by imposing one or
more parameters of the general model GNS (—. These restrictions are demoastd right next to
the arrows. It is worth noting that among the family of spatial models in F&bnaodels including
exogenous interaction effects such as SDEM and SLX generally do not intrigue theoreticians and
econometricians since the estimatiortlufse 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), quagvlaximum Likelihood (Lee 2004), instrumtal variables (Anseline
1988), or generalised method of moments (Kelejian and Prucha 1998, 1999). An overview of these
methods is included iRischer and Nijkamp2013)

The bewildering array of spatial models displayed in Figblee can create confusion in
selecting the most appropriate model. Overall, two approaches are exploited. The first approach is

generalto-specificor top-down departing from the more general mb@&'S 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 Figuré.5 from left to righthand side and gradually searching for a more
parsimonious modelhe topdown approach ensures correct inference as long as no variables are
omitted in the more general model (Elhorst 2010). Nonetheless, GNS is by ho means the most general
model. Further spatial lags could be added to the model specifegli@tiong6.20a, b). On the other

hand, three or more sources of spatial interaction effects usually imply weak statistical identification of
the modelCooket al.2015) In practice, it is difficult to distinguish betweén_, and—-thus, GNS
generally leads to an owparameterised 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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----------------------------------------------------------------------- Spatial models

Triple interactions Double interactions Single interaction
; SARAR SAR E
: A=0 5
: / Y=pWY+ay+XB+e /ﬁ Y = pWY +aiy +XB + ¢ i
e=AWe+u

i GNS /

| Y =pWY +aiy +XB+WX6 +¢ 1=0
Y = pWY + aiy + XB + WX0 + &

—»
e=AWe+u
\\ \o / e=AWe+u
\\0

p=0 SDEM g /
Y =aw +XB+WX0+¢ / SLX

Y=aiy+XB+WX0 +¢

SDM SEM Linear model

Y=alN+XB+E ————:—’P Y=alN+XB+E

! e=AWe+u 1=0 >

Note: SAR = Spatial Autoregressive Model (or Spatial Lag MpdeEM = 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.
SourceAut hor s modi fi c atdaandElhoeE@084) on Hall eck V

Figure 6.5 Taxonomy of spatial linear models.
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The second approach in specifying a spatial modspésificto-generalor bottomup. The
testing procedure is illustrated in Fig@@. In a nutshell, the researcher starts with aspatial linear
regression model and tests whether it is necessary to include spatial interaction effects into the
benchmark norspatial modelLM tests ad the robust variants, as introduced in earlier discussion,
make it possible to discriminate between SAR, SEM orgpmatial linear regression model. Florix
al. (2003) show that this procedure is most effective when the real underlying model is SERl.or S
However, the authors argue that the likely presence of omitted variable bias might lead to false partial
conclusions, and overestimatingcoefficient(s) under the omission of spatial interaction terms may

hinder the detection of spatial autocorrelatamongresidual terms afhe OLS linear model.

[ Run OLS Linear Regression ]

!

[ LM Tests (LM-err, LM-lag) }

,,,,,,,,,,,,,,,,,,,,

Both tests ~~~~~~~~~~~ Neither test
Robust LM Tests
(RLMerr, LM-lag
RLMlag) OLS linear
regression
Significant?
W st ST
-
SEM SAR Select the one with higher statistics

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 o&kaialories as well as primary food commodities
(measured in kcal/person/day) for over 200 countries and terri{@#e3 2019c) Details about the
compilation of the FBS are mentioned in Section 4.3.4 (Chapter 4) and elsé@r2017b) Despite

being enphasised in previous chapters, it is important{stress that the consumptitevel 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 intakeverame consumption but best described@asp par e nt
c o0 n s u mnthe sulbséquent empirical analysfse termsaloric consumptiopfood consumption
anddiet should thence be interpretedfaed available for consumptionother key limitation of the

FBS is the reliability of data coverage and data quality for less developed countries (FAO 2018). In
spite of these caveathe FBS has been greatly utilised in the existing literature as it is the only source

of standardied information on food consumption that enables longitudinal comparison between a large
set of countries (@nberger 2014; Leclercet al.2019).

The daily per capita food availability (in kcal/capita/day) over the period-20&3 is used for
the empiri@al analysis. Countries with missing values are exclaaeldso are thoseith the population
of less thanone 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 tguspecific structuralfactors that can
influence the changes of calorie consumpti®wall aghe rate of convergence/divergencaharough
discussion on the impact of these factors on the dietary changes is referred to Section 2.3.2 (Chapter 2).
Suchvariables have been previously employed in several studiesPaseinal. (2004, Hawkeset al.

(2012, Choudhury and Headdg2017, Oddoet al. (2017, andAzzam (2020)among others. In this

study, four of such variables are included and the details are as follows:

91 Arable land (% of land are&)average for the period 19@2D13.

9 GDP per capita growth (annual %paverage for the period 192D13.

1 Urban population (% oftal population) average for the period 19&€D13.

91 Labour force participation rate, female (% of female population aged 15 and awenage
for the period 199@2013.

Data on arable land, urban population and female labour force participation reg&riawed
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 Igajential 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 ange of foods, but also generate demand forstaple foods usually from animal source
and in processed forn{eaw et al. 2019; Umbergeket al. 2020) Consequently, rising incomes are
related with higher calorie consumption and more robust growth ofiealdue to the increased
consumption of animadource foods, sugarfat and oils. Nextshare of urban population is used as an
indicator of urbanisation transition and subsequent changes to lifestyle and food acquisition strategies.
To illustrate, incresed urban growth is accompanied by increased access to processed foods, changing
consumption preference towards convenigrgdyto-eabanddeadyto-heabproducts, and increased
connections with people from different cultures facilitating the acceptand®festerddietary styles
(Pingali 2007; Hawkest al. 2017) All of these will exert a positive influence on the calorie
consumption. Finally, female giipation in the labour force is expected to affect the calorie growth
positively. Ontheone hand, growing economic participation of women translates into more income for
purchasing foods especially enefmggnse foods as they become more affordé&Dticb 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 2018J)o the extent thatrable 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 prepadesat in
economies since richer economibave already had high levels of GDP per capita. Likewise,
urbanisation and female employmeamé expectetb increase faster in poorer countries than in richer
ones. Therefore, these three variables are likely te hgositive impact on the rate of convergence.

For the exploratory spatial analysis, a fundamental task is to defipae®metric where the
relationship among countriessn  t h eis déas/rpupon.Aéknowledging that the definitiondgpacé
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 similaatsliTo quantify the geographical closeness, a distance
based matrixo is constructed and normalised as such Q i AgD whereQ represents the
geographical distance (in kilometres) between the capital cities of courdridg. Also dictating the
geographical proximity, the second option is to use a contiguity natriin such a way thab p
if countriesi andj are g@graphically contiguous and motherwise. Third, a contiguity matrig
is proposed to consider the economic proximity measure among countries. The generic element

equals 1 if the average GDPs per capita 18703 of countries andj fall in the same quantile, and 0

otherwise. Such a contiguity matrix supports the argument that countries with similar incorae level
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tend to have similar diets. The information of geographical distance and geographical contiguity is
retrieved from the CEPWlatabas€CEPII 2019) and the GDP per capita data are obtained from the
FAOSTAT (FAO 2019b)

6.4 Empirical results

6.4.1 Results ofconvergence tests in noispatial context

Sigma convergence

The convergence in patterns of national food consumptifirstsnvestigated by sigma convergence.
Changes in the coefficient variation (CV) of catoaivailability are plotted in Figure B. Overall, the
dispersion across countries shows a downward path over the whole period, indicating sigma

convergence. However, the reduction in CV is uneven with a significant downturn in the early 1990s.

Ccv
0.19 0.20 0.21 0.22
| | | |

0.18
|

0.17
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I T T T T I
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Year

Figure 6.7 Coefficient of variation in daily per capita calories, 19612013.

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 rathex than
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methodological issue. In a FAO/WHO joint publication (WHO 2003, pd3y they
acknowledgefiThis change [in the calorie availability] has not, however, been equal across regions.
The per capita supply of calories has remained almost stagnant@akadan Africa and has recently
fallen in the c¢ount r $uehyvarianhpatemoimtiee welode avaiabilitysaérdss o n
countries likely result in divergenes indicated by the strong peaks over the period from 1961 to 1998.
Nonethelessthe period 1992012 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 FiguFér&,

calorie changes are not even across countries. tBgepast 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 sampgiave witnessed declining caloriésa pattern that
contralicts 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 disptament (Afghanistan, Central African Republic, Chad

and Uganda) or unfavourable climatic conditions (Kenya, Madagascar, Namibia and Zim{Fah@e)

2020a)

As highlighted in Figure 6.8, Bulgaria and Afghanistan are associated with an average of 3,000
kcalfperson/day in 1961 just right after Switzerland and among countries with the initially highest
calorie consumptionThis figure mightseem surprisingt first however, there are some reasons to
believe this is not due to measurement errors. Thedoodomics literature has mentioned the rapidly
rising trends in food consumption for Bulgarians in the 1960s. As documen@tbloged2004) 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 requiréntieathighest level
among both industrialised market economies of the West and Eastern bloc eca@muhtiad a higher
per capita daily caloric intake than the US. Such a sulistarge in food availability has been
attrributed to strong economic growth and the transformation of Bulgaria into a modernised insutrial
country following the communist governmgi@imitrov and Atanasova 1964¥%ince the economic
slowdown in the 1980ghe calorie consumption however has reduced, especially after the economic
crisis in the miell990s. Economic contraction and hyperinflation caused food prices to rise at a higher
speed than real inconfbranovaet al. 2006) Regarding Afghanistan, the litdure 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 191). The consumption has decreased possibly owing to the severe economic
hardship during the 1979 Soviet invasion and ens
infrastructure, and disrupted normal patterns of economic acfiRity 2020)

Another notable feature frofigure 68 is the general downward tendency, or an inverse
relationship between calorie changes and initial level of calories that is illustrated by the downward

sloping blue line. On average, countries with lower levels ofiesldn 1961 experience higher growth

rates, signalling thé c a t -a ppdosegs of beta convergence.
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Figure 6.8 Relationship between calorie growth rate 1962013 and initial calorie level.

Next, beta convergence in the per capita daily calories is estimated for the entire period 1961
2013. Due to thetructural break observed in the sigma convergence plot (Figlirdéta convergence
tests are also run for two syeriods: 19611998 and 1992013.Even though convergence process is
a longrun phenomenon, it is interesting to split the period into $wieperiods to see whether this
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process has been homogeneous during the period under consideration. The OLS estimations for the

regression model (B) are presented in Table 6.1.

The significantly negative beta coefficient @f.011for I T d;

suggets that for a 10%

increase in the initial level of calories, the average annual growth rate of calories would decrease by

ippl I @ 18 Y. The negative sign of the beta coefficient is indicative of convergence,

meaning that initially higtcalorie courtries tend to exhibit lower growth rates of calories. Following
the formula (63), the convergence speed is computed at 1.6% perlgedher words, countries bridge

the gap between the current levels of calories and the sitadylevels by, on aver@gl.6% annually.

This convergence speed implies a Hi#df 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 cespoific

characteristics.

When the data igdit into two subperiods, the significantly negative beta coefficiefis0009

and-0.016) prove a consistent trend of convergence and support the finding from Figutleat.
countries with lower initial levels of calories showrere robustonvergencerocessOn the other

hand, the convergence speed increases in the last two decades, andithaertedsure drops by almost

one third from 73 years during 198998 to approximately 42 years during 194991 3.

Table 6.1 Absolute (unconditional) beta convergence: Estimation results.

) Whole period Divided into two sukperiods
Variables
19612013 19611998 19992013
0.089*** 0.076*** 0.133%**
Intercept
(9.565) (5.587) (7.926)
- -0.011*** -0.0009*** -0.016***
I 1 o
(-9.092) (-5.291) (-7.627)
Adjusted R 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

Note: All test results are not significant unless indicated otherniisetistics are reported in parentheses.

* ** and *** denote statistical significance at the 10%, 5% and 1% level, respectively.

Absolute beta convergence is useful in identifyingéhe a t -o peffectgn 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 theorytptsat countries can converge on a path to

different steadystate levelsficonvergencelubsd )To illustrate,countries at different income levels

are represented by distinguished colours in Figl#a 6.

The countryoés-incomassi fic

upper-middle-income, lowemmiddleincome and lowncome is in line withth e  Wor |
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categorisatiorfWorld 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 esldin general, total calories in middle
income countries tend to grow most robustly while the pattern foriroeame countries is less
conclusive. These are indications that the convergence process has not been homogenous across
countries at different delopment levels.

One way to accommodate the nonlinearity is to allow for some flexibilities in equat@iny6.
letting the intercept vary among different groups of countiasnmy variables with higincome
countries being the reference category are added in the matiriote country grouping& for low-
income countries other than the higicome peers for lowermiddle-income countries, ari@

for uppermiddle-income countriesThe regression model is represented by:
- |“%h 6 111dx 1TQ 1 Q@ 1 Q - (6.21)

The significance of the dummy coefficients! & 1Q  would testify if there are equal
changes in the average annual growth rates (thédefd side of equationl) due to a fixed change
in the initial level of calories T dy;  acrcss four groups. The first three columns of Table 6.2 report
the OLS estimation results for modelZ8).

Adding dummy variables improves the model fit, reflected in the considerably higher adjusted
R-squared (0.628 as compared to 0.411). However, apangen of the model remains unexplained.
The beta coefficient fdr T d3; is significant and more robust(018), leading to a higher annual
convergence speed (5.3%) and a smallerlialmeasure (38 years).

Column (1) reveals highly significadummy coefficients fo2 ,’Q , andQ , 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 largmrthe wealthiest countries as compared to others. For example,
the coefficient0.006 ofQ implies thatfor any increase in initial calorie level the annual growth rate
of calories for lowincome countries would on average decrease by 0.006% loweththaeference
group (highincome countries). Similarly, the magnitude of the change in annual growth rate for lower
middle- and uppemiddle-income countries is averagely 0.005% and 0.002% smaller thaimicigime
peers. These results suggest that lenveome countries are converging to a steady state of calorie
growth rate that is lower than for highcome countries. This might reflect the larger contribution of
energydense foods (mostly from animal origin and in processed forms) in diets of riciiesun

Columns (2) and (3) of Table 6.2 show how this relationship changes across time. When the
regression equation is run for two spdriods, the coefficients faR , Q , and'Q are still
significantly negative in the former period but becansgnificant 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 consudwit&theless
when national incomes reach a certain threshold, income alone cannot explain the path countries are
converging to different steaetate levels.

Table 6.2 Beta convergence with country groupings: Estimation results.

Adding dummy variables Adding interaction terms
Variables 19612013 | 19611998 | 19992013 | 19612013 | 19611998 | 19992013
@ @) ®3) “4) (5) (6)
Intercept 0.147*** 0.163*** 0.144%** 0.125%*** 0.149*** 0.151*
(13.653) | (10.242) | (5.137) (6.082) (4.844) (2.047)
T -0.018** | -0.020*** | -0.018*** | -0.015*** | -0.018*** | -0.019**
(-13.365) | (-10.002) | (-5.099) (-5.927) (-4.717) (-2.032)
o -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
g @ (-3.137) | (-2.371) (1.051)
T Qs -0.0004 0.006 -0.001
(-0.090) (0.949) (-0.084)
i dg Q, -0.0001 0.001 -0.001
(-0.024) (0.210) (-0.070)
Adjusted R 0.628 0.481 0.339 0.662 0.517 0.332
Number of observation 118 118 118 118 118 118
Convergence speed per year (%)
Low-income countries 4.1 15.0
Sthers 5.3 3.7 2.0 31 31 21
Half-life (years)
Low-income countries 40.5 25.4
Sthers 38.2 34.3 38.2 1590 352 36.1

Note:All test results are not significant unless indicated otherwisttistics are reported in parentheses.

*, ** and *** denote statisticabignificance at the 10%, 5% and 1% level, respectively.

Column (4) reports the coefficienfsr Q , Q

, andQ

, Which specify differences in

intercepts, and the interaction coefficientsifor ¢ QR T & Q ,and Td Q

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, tifecieoe of the interaction term for low
income countrie$ T & Q is statistically significant, suggesting that the convergence rate is
statistically different between the poorest and the richest group. Second, the negative sign of the
interactioncoefficient for lowincome countries-0.012) implies that the trajectory for lemvcome
countries is 0.012 lower than higicome countries. This feature is clearly observed in Fig@te the
regression line for the poorest countisedstantially deviates from the middénd highincome peers,

being the steepest. Thuswincome countries converge at the fastest pace and convergence rate
reduces as income rises.

According to the average marginal effect, it turns out that foritmeme 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% ardeadiadD
years. To compare, the betoefficient for highincome countries is derived from the coefficient for
I Tdy in Column (4), which is0.015. If the initial calories increase by 10%, the average annual
growth rate of calories would decrease by 0.0015 (%). As a resultjnugime countries converge at
the pace of 3.1% per annum and the -litdf 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 syderiods, te interaction coefficient for lovincome
countries is significant over the pit®98 period but appears insignificant after 1998. The interaction
coefficients for lower and uppemiddle-income countries remain insignificant in either period,
confirming tha the convergence rates of middleeome and higlincome countries are not statistically
different. The negative sign of the interaction coefficieBud13) suggests the faster convergence speed
of the poorest group of countries as compared to the werafibers. Convergence statistics show that
prior to 1998 lowincome countries were converging at a rapid pace of 15% per dntianfigure that
is three times larger than the average rate over the whole period (4.1%). However, there is no evidence

for anygap in the convergence speeds among different groups of countries in the latter period.
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(a) With dummy variables (b) With interaction terms
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Figure 6.9 Fitted lines for regression model.

Conditional beta convergence

The analysisn this section examiisea cnditional beta convergence model with the inclusion of
demographic, agroecological, and seeamnomic variables. A description of these variables is
provided in Sectior6.3. FollowingMankiw et al. (1992) a conditional growth model is defined as

follows:
-1 |“%h 6 1i1idy B “& - (6.23)

wherewy andwy  are respectively the per capita daily caloriesaintryi in theinitial andfinal
periods "Yis the number of years) includes the set afadditional control variables which vary over
countriesand- is the standard error tetpeing independent and identically distributed with mean zero
and variance .More speciically, (0 compriseshe average percentage of arable land in the total land
area, the average growth rateimfome the average percentage of urban populatodthe average
female participation rate in the labour farde,f and“ "Q pt8 it are the parameters to be

estimatedSince 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 mliicollinearity problem.

The OLS estimations of the modélZ3) are reported in the first column of Tal&. After
controlling for a range of structural indicators, the beta coefficient is still significantly neg@t@?),
implying conditional cowergence.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 amnocigral
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 populatiod #re growth rate of GDP is associated with a 0.4, 0.8 and
11.1 percentincrease 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 ac@r gecrease 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 G8)tihe
negative effect of female employntés 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 earnifigssamauseholds
to access more calories from either nutréanse foods that contribute to higlgprality diets or
caloriedense foods rich in salt, fat and sugars that can undermine diet dliadifinding presented in
this analysissupports the formerpossibly thanks to the improved health awaren&sster
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-hooted food and
instead opt for preooked (junk) foods. For example, it is not uncommon to see family having sandwich
instead of fullfledged meals at lunch or dinner. Since junk foods with their high convenience often cost
more, this can cause a decline in thechase 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 stetdg level. In this respect, countries with the
initially low level of calories do not necessarily exhibtigher growth rates of calories, but countries
that are further from their own steadtate level exhibit faster growth. With the inclusiorswfictural
variablesresults ofthe conditional beta convergence analysis indicate that countries are dogeerg
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 impfaater covergence process than when the structural parameters are

not included.
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Table 6.3 Conditional beta convergence regression: Estimation results.

) @) (©)
Models OLS OLS OLS
19612013 19611998 19992013
Intercent 0.128*** 0.145*** 0.070***
P (0.010) (0.015) (0.026)
log(initial calories) -0.017 -0.019™ -0.016™
g (0.001) (0.002) (0.003)
0.004** 0.005** I
Arable land e
(0.002) (0.002) (0.003)
0.111* -0.004 0.770***
Income growth
(0.057) (0.027) (0.139)
] 0.008*** 0.011%** 0.006**
Urban population
(0.001) (0.002) (0.003)
-0.003** -0.005*** -0.0001
Female employment
(0.001) (0.002) (0.002)
Number of observations 118 118 118
Maximum VIF 1.98 2.09 2.29
Convergence speed perar (%) 3.99 3.18 1.82
Half-life (years) 17.37 21.82 38.09

Note:All test results are not significant unless indicated othen@smdard errors are inside the parentheses.
*** Significant atr] T8t p** Significant atr] T8t p* Significant atf}  T.

Similar to the earlier section, the analysis of conditional beta convergeregicatedor two
subperiods: 19611998 and 1992013. For the former period, the OLS estimations in Columiof(3)
Table6.3 reporta significantly negative beta coefficient which is however larger in magnitude than for
the whole period. Turning to the structuprameters, 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 itfgact of
structural indicators is larger in magnitude than the OLS estimates for the whole period shown in
Column (1) of Tablé.3. Nonetheless, income growth does not affect the growth rate of calories.

The OLS estimations for the conditional beta convergence in the latter perio@B®%re
presented in the last column of TalBl®. The beta estimate is significantly negative and smaller in
magnitude than in the former peric@.016 versus).019) indcating 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
parametes are closer to their steadyate values in the latter period, therefore countries are converging
to their own equilibrium levels of calories aslower speed. Investigating the effects of the structural
parameters, rising income and urban populationtlageonly 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 axsronger impact in the initial perioget,
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 acoss 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 otcalori
consumption. Results of absolute beta convergence modeltehbwountries bridge the gap between
the current levels of calories and the steat@e levels by on average 1.@#r year Additionally, the
convergence proceisproved to beon-homogenouacross countries and how income affects the path
countries ag converging towards different steady states. The results indicate that income plays an
important role in the early stage of convergence in national food consumpticher evidence
confirms thefastest speed of convergence for {mwome countriesThus thesefindings call for
scrupulous attention in monitoring and supporting -loaome countries at the early stage of
development as thegxhibit the most worrisomérend Results of the conditional beta convergence
analysis complement the results frém unconditional beta convergence analgsid further elucidate
the role of income. The structural conditions of {m@ome countries are further from their steatiyte
level than those of higlmcome countries. While agroecological, social, economicdamdographic
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.

6.42 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 data6HiGariustrates

the distribution of average calorie consumption far pgeriod 19642013. The @loric 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
Figure6.10a. 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, countriesatedwithin the same geographlaagion are likely to have the

same levebf 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, éhaverage 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; yetudnsed process. While
geographical proximity is important in explaining some similarities in the calories of, say the United
States and Canada, France and ltaly, New Zealand and Australia, it is less so between each of these
groups.

kcal/capita/day 2
v
. emm /
)

1,769 3,539

USS$. 2010 values | - v (;4;'
e

245 70,617

Figure 6.10 World map of (a) averagedaily per capita calories 19612013, (b) average GDP per
capita 19762013.

Third, there is a concentration of highly calorific countries in Northern America, Europe, and
Oceania while lowcalorie countries are mainly located in East Asia and Africa. Zooming into
continents with a clear polarisationthme distributionof total caloriesricher countries are exposed to

higher calories: South Africa and Argentina are obvious examples foraAfimd South America
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respectively. For the purpose of comparison, a world map showing the geographical distribution of
average income (GDPer capita) is plotted in Figuré.10b. The level of income is represented by

different gradations of blue: the darlkke 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 aataorvdiere
the6spaced here is in terms of economic devel opme
Figure 6.10 reveals possibilities of spatial autocorrelation among countries due to their proximity in

either geographicallosenes®r economic developmeniext, spatialautocorrelation tests can verify

whether spatial autocorrelation is statistically significamtveell as the strength and sign of the
autocorrelation.

Results of the Gl obal Mo r a n6dsThrée spatialvieighd t i ¢ s
matricesare chosen to proxy different spatial relationships among countries regarding geographical
distance(w ), geographical contiguityd ), and economic contiguitysf ). Given the three
comments made by the inspection of Fig6r&o, one would expect signi fi
statistics for all three spatial weight matrices. HoweVahle6.4 indicates little statistical evidence for
spatial autocorrelation when the proximity among countries is measured in geographical distgnce (

The negative sign is unsurprising when looking at the comparable levels of calorie consumption
between distant cotnies such as Australia and Canada, or thédd Kingdomand New Zealand in
Figure6.10a. On the other hand, there is no statistical evidence for spatial autocorrelation when the
geographical boundaries between countries are considared. (This result though unexpected,

makes sense taking into account the similar calorific levels, say betweemited Statesandthe

United Kingdom even though no actual boundary is shared between these countries. Hence,
geographical contiguity, although probably rmeia 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 ) is applied, t he Gl obal Morands | rrelatbre x sugg
supporting that countries with similar income level tend to have similar levels of calories. To sum up,
the examination of Gl obal Moranés | statistics p
that is driving similarities in nadnal patterns ofood consumption. This result corroborates the idea

that spatial informatioshouldnot be neglected in the study of dietary convergence. The specification

of w will be applied for the rest of the analysis.

Table64G| ob al Mor ands | daityper dapitd dalories196b2013av er age
Spatial weight matrix ® ® ®
Gl obal Mo r -0.001 * 0.002 0.665 ***

Note: Calculated by randomisati@pproach and tweided alternative hypothesis;
** Significant atfy T8t p** Significant atf) &t p* Significant atfy  TP.
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Using the economic proximito ,t he GI obal Morands | stati st
autocorrelation in calorie consumption for 118 countries. Overall, countries with highly calorific diets
tend to be highncome nations and vice versa, countries with low calorie consumption andafte
income 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 unexpeltyehigh/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.

I n this secti on, tshoeputedforadch chbumtry asingtise spatiabweight i s t i
matrix @ . For each country, the local statistic allows the computation of its similarity with its
neighbours and to test its significantteshould be emphasised that the t&rm e i g hebeaeters fo
neither countries sharing the actual geographical boundaries nor countries located in the immediate
vicinity but should be interpreted as countries with similar development Baséd on the value and

signi ficance o hdet heuntrycan bel clagddified ta ehée follbwing five groups:

(i) Countries with high calorie consumption associated with highly caloefighbous. These are
|l abell edHigh oA diogmt ri es (al so known as fAhot s
(i) Countries with low caloriconsumption associated with levalorie neighbous. These are
| abell efow® Bbowtries (also known as fAcol d s}
(iif) Countries with low calorie consumption associated with highly calor@ighbours These are
potential outl iowiHisglomdc o amted il esl. as AL
(iv) Countries with high calorie consumption associated with-dalerie neighbous. These are
potential outlietLewandoluranbel eed as #fAHigh

(v Countries with no significant | ocal Mor anods |

These five categories can besfiidentified from a scatter plot showing the observed calorie
value against the averaged value of the neighbours (commonly referrdd doaasscatterplot Once
a significance level is set, local spatial autocorrelation values can be shown on a mapg&niGsA
map) to display the specific locations of hot spots, cold spots and other spatial phenBigened. 11
presents the Moran scatterplot and LISA map with regard to calorie consumpticRAKH1

The Moran scatterplot shows the variable of eser(calories) for each country on the
horizontal axis with the average values ofritgighbouringcountries 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 theconsumption level higher than the global average while values below 0 indicates the
consumption | evel | ower than the average. To rec
terms of economic development rather than geography, and twoiesuare 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. lascending order, the colour red, green, blue and purple respectively corresponds
to country in the %, 2, 39 and 4" income quartile.

In general, the Moran scatterplot shows the impression that the higher the income the higher
the calorieconsumption. To illustrate, all countries in th&idicome quartile (shown by red circles) lie
on the left side of the vertical lire 1, meaning that the calorie consumption of the poorest countries
is well below theglobalaverage. On the other hanketrichest countries (shown by purple plus signs)
mostly lie on the right side of the vertical lide T, indicating a higher consumption level than the
global averagel he pattern for middkncome countries (shown by green triangles and blue squares) is
less pronounced as a wider range of calorie figig@bserved. 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 scenatl countries in the "2 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 instiec@me quartile (represented by red
circles). Nonetheless, this is hardly the case given the plot in Fi§dre 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 theofabe highest income group and are
associated with a consumption leabkerthan theglobalaverage. So, in addition to the global tendency
that higher income higher calorm®nsumption some exceptions exist and countries within the same
income quartiledo 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 laxi angle at a slope. This pattern
implies that on average the calorie content of a country is not always in line wiggitdbours Again,
two countries with similar level of development need not always exhibit similar level of calorie
consumption. Oerall, income is an important predictor for the (dis)similarities in diets globally, but
other factors such as migration, heterogeneous consumer tastes arudiboabdinfluences might play
an underestimated role in explaining local deviations frongkbieal patterns.

Returning to the Moran scatterplot, the horizontal and vertical matesally divide the graph
into four quadrantsThe North East quadrant belongs to countries which have similarly high level of
calorie consumption as their neighbor8 HiHg g ho countri es) . Countries i
have low level of calories and are surrounded by neighbours that also have below the average level of
calorie consumpti onlkowd nc@&yn ttrhiet¢tseg halr oeta hifidl fioBiL @ kv
guadrants correspond to positive spatial autocorrelation, and the former is referradtteastsvhile
the latterrepresent®ldspots The North West ogliagh@andcobrt nings wlo
of calories are below average but are associat#thighly calorific neighbours. Finally, the South
East quadrantfLowmclcoded rfildisghwhose consumption | e\
being surrounded by neighbours with low levels of calories. Both quadrants correspond to negative

spatial autocorrelation and represent potentailliers (in the sense that they are surrounded by
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neighbouring countries that are very dissimilar to them). In Figdde all countries from the®lincome
quartile and the majority from thé%quartile belongd t he-L dwd@ wquadr ant whil e

countries from the uppgmhoquear teigloey .| iTdhei m etmae ni H

atypical | ocddtiighros aeifod widiHdeg gialdowva nt s. Overall , the
the pred mi nance-HoghdHaguwdLowuntries i n ,then@oballat a, 3
Morandés | statistic, being sort of an average of

spatial autocorrelation for the whole data set. Neverthedegsshould not jump into any conclusion

too soon as the significance of tleeal 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.

ALISAmapillustrathg di f ferent categories of countrie:
isgivenin Figuré6.11. Hot s phitghd ficHawrmt ri es) ar e shoownd i n r €
countries) +Hdowgreaeedi gh@wgbuntries ama@angeaspect i v
yellow. Countries shown in grey are devoid of any spatial autocorrel8tioadly speaking, the LISA
map highlights 66 countries, equiv-dlil ghd 8B0d56%oo
Lowd quadrant s. A ggekisianmgs Buropey Moghero Ametica, and Ogeania 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 geograpbiealyal
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
devel opment . B ehki i gdhetstries acetstattered ifi EbistAsia (South Korea, Japan),

West Asia (Israel, Kuwait), and South America (Argentifdese countrieare classified in the same

group (HighHigh) even thougtihey 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 Amehisagrouping is therefore in

line with the economic proximity measure adoptedthis analysis (instead of the conventional
geographical distancen the other hand, there are some cold dpottedin Africa and South Asia

which are coloured in green. The LISA map also shows some atypical cases of calorific countries
without spatal dependence with their neighbouring countries. Africa is an intriguing continent which

is home to the onlkLyowtowo Moirgreicfoi caanntti BigHpipgcho ua b d i
(Botswana and Gabon). The message conveyed by these labels is thatigéewals in Morocco and

Egypt are on average higher than in other countridse same income level (say India). By contrast,
individuals in Botswana and Gabdrthe two uppemiddle-income countrie§ consume on average

lower calories than theirpeensi t h compar abl e incomes in say Tur k.
Lowo andli ghowcases demonstrates that the asso

consumptions not always positive but negative for a small number of countries. This nuance hgghligh
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that the influence of income on diets is Aorear and that even among countries with similar level of

economic developmeygocic-cultural differences can lead to heterogenous food consumption patterns.
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Figure 6.11 Moran Scatterplot (top) and LISA map (bottom) for averagedaily per capita
calories 19612013.
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Anot her notable feature from the LISA map i s
(approximately 41% of the sample) are statistically significant at 5% significance levéicome,
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 tw
halves so that lovealorie 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 somewdrafound.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 nmirsed 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 degreeadnomic development determines the overall trend in
diets (high or low-calorie).The heterogeneity of countrytyjpao gi es based on the | oc:
i mplies that I f convergence process exists it wc
say HMHighhb veiLows @Gboawtries. The fact that a | ar
with insignificant spatial autocorrelation questions the role played by incdmeertheless, it should
be mentioned that the spatial metric used in this analysis isyraretage income over the period
19702013 While the majority of countries have always beletdo 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 withgtientile group
(low-income) in1970 but the 8 quantile group (uppemiddle-income) in 2013. Consequently, its
nei ghbourhood matrix could vary greatly between
Since the switching behaviour in the income quantile group is docunfent&@icountries (28% of the
sample), more than likely the insignificant autocorrelation figures observed in the LISA map are
attributed to the timearying nature of the associated neighbourhood matrix. Another important factor
to consider is the distriltion 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 assessingoaithiny patterns of
food consumption. As an il lustrdtoiwedn,cotumawgh i Viide
the lowcalorie characteristic of an average Vietnamese diet, such a label does not apply to some
wealthy individuals with the adoptiaf thedNesterddietary patterns. Thaaid, everfter taking into
account incomeindividual attributes including demographic, psychometric, attitudinal and lifestyle
factors have created persistent heterogeneity of consumption patterns within anehbeatwetries

(Duboiset al.2014) A discussion on these factors is referred to Section 2.2.2 a@d hapter 2). In
17t



addition, migratior{Atkin 2016)and cultural distanc@e Sousaet 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: theicher 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 sseibgal beta convergence model.
As discussed in Sectidh2.2, i gnoring t he 06s pacaorreldtioninitheegressidni sr e g a
analysis could hinder the OLS estimation results of the beta convergence model due to omitted variable
bias. In this setion, in order to identify the presence and type of spatial effects in the regression model
the bottoraup approach described in Figu6e6 is adopted First, a norspatial model of beta
convergence in the following form is estimated by the OLS estimat&thod:
-1 % 6 11 0dy - (6.2)

wherewy andwp  are respectively the per capita daily caloriesaintryi in theinitial and final
periods “Yis the number of years; is the standard error terfveing independent and identically
distributed with mean zero and variance. A significantly negativg is indicative of beta
convergence whereas a significantly positivemdicates divergence

The next step is to detect the presence of spatial autocorrelation in the residuals of the non
spatialmodel§@2) wusing the GI obal alotocarmeldtisn existssitisamdcessatyi ¢ s .
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) measuremerduertarsmitted
variables thatre otherwise not crucial to the model; and (ii) the interaction of localities. The former,
al so known as O0nuisance dependencebd, is likely
studies while the | att er spaial auedoreetatior Hthet data shavs 60 s u b s
spatial dependence of the nuisance form, the detected spatial dependence stems frorspemifitry
factors (ornational effectsrather than interaction effects between localitiessf@i-overg. 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 thdt®grs 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 issolved by applying the Spatial Lag Model (SAR) which adds a
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spatialy lagged variable (i.e. thealorie level of neighbouring countries) on the rigtdand side of
equation §.24).

How dowe discriminate between these two spatial dependence effects? The LM procedures
illustrated in Figures.6 can provide some guidance model specification. If the LMag statistic is
significant whilst the LMerror is not, then the SAR model is recommended. On the contrary, if the
LM-error is significant while the LMag is not, then the SEM model should be selected. When both
LM test staistics 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 in6Iablde Global
Moranédés | statistic is significantly positive
global measure of spatial dependence, it gives neither conclusions about the source of spatial
dependence nor guidance on which alteveastpatialmodel is more appropriate, which are tasks of the
LM tests. The significant LMerr statistic strongly points tibe spatial dependence of nuisance form
and advises the employment of the SEM model as the alternative to the original OLS mocdkl.aHen

SEM model of the following form is to be estimated:
“1 0 “%h o 11 idy - (6.24a)

AR (6.24b)

where_ is the spatial autoregressive parameter quantifying the intensity of spatial autocorrelation
between regression residuals, and denotes the spatial weight matrix representimgeconomic
contiguity.

To recap, an SEM modét equations §.24a, b)can be estimated by Maximum Likelihood
(ML), quastMaximum Likelihood, instrumental variables, @eneralisedMomens (GM) methods. In
thisanalysisthe GM proceduréKelejian and Prucha 1998 adoptedandthe results are presented in
Column (2) of Table.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 fothe 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 oftefvédsin 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(Bell and Bockstael 2000Nonetheless, it assumes that the disturbances
0 are independently anidentically distributed for allwith zero mean and variange. The rationale
behind the GM estimator is thielejian and Pruch#&1999)use nonlinear least square to obtain a

consistent generalised moment estimator for lambsiathat 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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abou lambda_ per se, but in its estimate as a way to obtain consistent estimators for batabda
therefore is considered a nuisance parameter whose only role is to provide a consistent estimator for the
regression coefficien{g\nselin 2003) Its signficance cannot be assessed and in fact the authors do not

provide an asymptotic variance for lamhda

Table 6.5 Unconditional beta convergence regression: Estimation results.

) ) @3) 4) (5) ©)
ikl oLS SEM oLS SEM oLS SEM
19612013 | 19612013 | 19611998 | 19611998 | 19992013 | 19992013
ntercent 0.089** | 0.134** | 0.076%* | 0.148%* | 0.133=+ | 0.133™
P (0.009) (0.011) (0.014) (0.016) (0.017) (0.017)
L _ -0.011%* | -0.017** | -0.009*** | -0.019** | -0.016% | -0.016™*
log(initial calories) | 4 o1y (0.001) (0.002) 0.002) | (0.002) | (0.002)
Lambda ] 0.047 ] 0.048 ] 0.0009
= (0.262) (0.384) (0.966)
Number of 118 118 118 118 118 118
observations
Spatial diagnosis
0.002
M 6s | 0210 : 19w i ]
orands 0 0.19 [0.37]
1.04 1.04 0.10 ]
LM-lag [0.31] ; [0.31] ; [0.75]
K,k Kk *kk 001 -
LM -error 73.90 61.86 [0.94]
0.21
Robust LMlag 41.26%** - 4526+ - -
[0.65]
0.12
Robust LMerror 114.12*** - 106.09*** - -
[0.73]
Convergencstatistics
Convergence speej ;o4 4.00 1.15 3.18 1.84 1.85
per year (%)
Half-life (years) 42.64 17.30 60.05 21.81 37.59 37.52

Note:All test results are not significant unless indicated othen@ndard errors are inside the parentheses.

[p-values] are reported for spatial diagnosis tests if the test statistic is not significant.

** Significant atr] T8t p** Significant atr] T8t v * Significant at]  T.

2 The output presented in Table 6.5 however reptaisdard errdior lambdawhich isderived fromthe analytical
methodoutlined inhttp://econweb.umd.edu/~prucha/STATPROG/OLS/desols. pdf.
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As can be seen in Table 6.5¢etlanbda parameter is positive (0.047), confirming positive
spatial autocorrelation among the error terms. More specifidhllydetected spatial dependence is
caused by countrgpecific factors (national effects) rather than spitkrs. 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 respectiveountry 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 sebobmically adjacent countries.

Turning to the coefficients estimated from the modgR4a, b), the beta coefficient is
significantly negative -0.017), implying that countries with lower initial leved$ caloriestend to
exhibit faster growth rateshe 6 ¢ a t -o pdifects). The associated annual convergence speed over
the period is 4% and the hdife measure is 17 years. As compared to the OLS model, the consideration
of the spatial error autocorrelation leads to a more robust beta convergeoesspiThis 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 theoreticallp spatial model would always yield a greater convergence speed as being
augmented with neighbouring effe¢&hmad and Hall 2017)n practice such neighbouring effects can
stem from thenteraction between agricultural policiér example, developing gotries have tended
to pursuit antiagricultural and andfirade policies by taxing their agricultural sectors (rather than
subsidising thein Conversely, government policies in developed countries have been characterised by
high levels of support and prat@on for agricultural sectors. This disarray in agricultural policies has
exerted uniform impacts of owproduction in highincome countries and undproduction in more
needy developing countri¢dnderson 2010; OECD 2019a)

In Figure 67, the coefficent variation shows a break in year 1998 #Hratthe period 1999
2013 is characterised by a sharp sigma convergence process. The beta convergence was examined by
splitting the data into two speriods. The overall results suggest a faster convergencesgrover
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 l@fedaloriesprove to be significant in
the latter period. These findings sigrihe 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 subperiods: 19641998 and 1992013.

Columns (3) of Tablé.5 reports the OLS estiation results for the former period. The Global
Morands | statistic of 0.19 is highly significa
Next, the strongly significant LA&rror statistic favours the SEM as the appropriate model to handle
the spatial effectsTherefore, the detected spatial dependence is caused by omitted variables that
otherwise are not crucial for the model. A SEM model as specified in equaiiads, @) is estimated

by the GM estimatiomethodand the coefficients arésplayed in Column (4) of Tab5. The spatial
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autoregressive parameters 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-1968 leads to a significant and more
negative beta coefficientq.019 for SEM versu€.009 fa OLS). Again, a faster convergence process

is revealed: the associated speed of convergence is 3.18% per year andlifiecidhalf years.

When the beta convergence model is investigated for the latter perioQ99%s shown in
Column (5), howevett, he GI obal Mor andés | statistic becomes
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 pobividee last column of Tabi5.

As expected, the beta coefficient remains unchanged and is significantly ne@afi®6); Nonetheless,

the lambda becomes very close to zero (0.0009), offering little evidence for the spatial interaction
among the erroterms. In this case, the rate of convergence obtained from a spatial model (SEM) is
very similar to what obtained from a ngpatial model (OLS). Both results indicate that national diets
are converging at the pace of approximately 1.8% per annum. Herkests 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 proximaigeighbourhood The acceleration of globalisation process
accompanied byraincreased number bflateral 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 am@dopt the eating styldsom richer countries. This
signals thedVesternisatiodtransition 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 convergemerlysis (with and without spatial effects) points to the
¢catchingupdeffects, i.e. countries with the initially low levels of calories exhibit higher growth rates
of calories andhereforethe calorie consumption across national borders would conveie iong
run. However, a more difficult question is to decide whether countries converge to the same steady
state level of calories or if by virtue of the existence of distinct equilibria, convergence is rather relative
than absolute. Given the slow ahge 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 steadhtate level. In that case, an analysis of conditionaldmtaergence is recommended.

Conditional spatial beta convergence analysis

Similar to the previous sectiothe bottomup approach described in Figus is adoptedo identify
the presence and type of spatial effects inctiveditional beta convergencegression modeFirst, a

nonspatialconditional growth model is defined as follows:
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-1 |J"“fh & 11 71dx B “ & - (6.23)

wherewy andwy  are respectively the per capita daily caloriesauntryi in theinitial and final
periods "Yis the number of yearg) includes the set afadditional control variables which vary over

countriesand- is the standard error teroeing independent and identically distributed with mean zero
and variance .More specifically® compriseshe average percentage of arable land in the total land
area, the average growth rateimfome the average percentage of urban populatodthe average
female participation rate in the labour farée,f and“ 'Q pi8 it are the parameters to be
estimated

As can be seen from the resultglof spatial diagnosis testsTable 6.6t he G| ob all Mor a
statistic issignificantly positive, rejecting the null hypothesis of uncorrelated erFargher, 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 casemditonal beta convergence is specified as

follows:
-1 %ﬁﬁ "o =17 %“ﬁ 6 117dx B “& - (6.25)

where” is the spatial autoregressive parameter quantifying the intensity of spatial autocorrelation
between the dependent variable, and is the spatial weight matrix representing the economic
contiguity.

The model §.25) is estimated by the Maximum LikelihddML) method and the results are
displayed in the second column of Tablé. Overall, the spatial lag regression results are comparable
with the nonspatial OLS model with a few notable exceptions. Among the structural indicators, the
effect of a one peent 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 incteasé?2.1 per cent increase. Economic
conditions become more important whereas agroecological conditions become less influential when
controlling forthe spatial dependence. For the remaining independent variables, the direction of the
relationship as wehs the magnitude of the effect remains the same as with the OLS model.

The rho parametef J represents the average influence of the calorie growth in neighbouring
countries on the dependent variable. This parameter is statistically significant aatesthe presence
of spatial dependence among countries in terms of®glts. Particularly,he 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 af€ts its own growth rate of calories.
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Table 6.6 Conditional beta convergence regression: Estimation results.

(1) 2) @3) “) (5) (6)
Models oLS SAR oLS SEM SAR oLS
19612013 | 19612013 | 19611998 | 19611998 | 19611998 | 19992013
Interce t 0.128*** 0.134*** 0.145*** 0.151*** 0.145*** 0.070***
P (0.010) (0.010) (0.015) (0.015) (0.015) (0.026)
loginitial caloriss) 0.017%* | -0.017* | -0.019%+ | “0.019"* | 4 gqges | 0016
9 (0.001) (0.001) (0.002) (0.002) (0.002) (0.003)
0.004** 0.003** 0.005** 0.005** 0.005** |y pTm
Arable land
(0.002) (0.002) (0.002) (0.002) (0.002) (0.003)
0.111* 0.121** -0.004 -0.006 -0.007 0.770%**
Income growth
(0.057) (0.053) (0.027) (0.026) (0.026) (0.139)
_ 0.008*** 0.008%*** 0.011%** 0.010*** | 0.011%*** 0.006**
Urbanpopulation
(0.001) (0.001) (0.002) (0.002) (0.002) (0.003)
-0.003** -0.003*** -0.005*** -0.005*** | -0.006*** -0.0001
Female employmen
(0.001) (0.001) (0.002) (0.002) (0.002) (0.002)
-0.026*** -0.012%*
Rho” - - - -
(0.010) (0.012)
0.008
Lambda_ - - - (0.779) - -
Number of 118 118 118 118 118 118
observations
Maximum VIF 1.98 - 2.09 - - 2.29
Spatial diagnosis
R 0.009 o i -0.007
Mor anos | [0.12] - 0.025 [0.53]
. 0.252 i 0.071
LM-lag 3.074 - [0.61] - [0.79]
LM -error 0.149 ] 1.107 i ] 0.077
[0.69] [0.29] [0.78]
0.326
Robust LMlag 5.549%* - 3.151* - -
[0.57]
2.63 0.332
Robust LMerror - 4.010** - -
[0.11] [0.56]
Convergence speef 5 gq 4.40 3.18 3.41 3.12 1.82
per year (%)
Half-life (years) 17.37 15.74 21.82 20.31 22.21 38.09

Note:All test results are not significant unless indicated othen@tendard errors are inside the parentheses.

[p-values] are reported for spatial diagnosis tests if thestasstic is not significant.
*** Significant atf] T8t p** Significant atf] T8t p* Significant atf]  T.
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It should be noted that the inclusion of spatially lagged variables in the regression model

complicates the interpretation of the coefficientd #re coefficients for independent variables cannot

be explained in the same manner as the OLS or th
regression models frequently i nlteBSagegpaned Paced20lt,he mo
p.77). The reason is that a change in the initial level of calories in coumbtyonly affects the calorie

growthincountni( Adi rect i mpacto), but it also influence

countries. Since the calorie consumption of the neighbours has changed, this in turn affects the growth
rate of calories in country ( Ai ndi r ect i mpappeopriately undemstand thed gpatial t o
relationships, the coefficient estimates of the spatial lag model are decomposed into direct and indirect
impacts and reported in TalBe/. The estimated coefficients of the direct effeate usedo compute

the sped of convergence anddlnalf-life measure.

Table 6.7 Impact calculations for spatial lag regression estimates.

SAR (19612013) SAR (19611998)
Variables 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 apprdlae8age and Pace 2009)
*** Significant atf] T8t p** Significant atf) T8t v * Significant at]  TH.

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 coumtngases the share of arable
land, what will be the influence on the growth rate dbga in countryi? 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
countiesj raising the share of arable land on the growth rate of calories in coumttal 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 caloriea tgpical countr

It can be seen from Tabe’ that for each predictor, the indirect impact is smaller in magnitude
than the direct impact suggesting little spiler effects. Still, a couple of significant indirect effects
are worth mentioning. Regdngy the initial level of calories, a positive spilver effect is detected.

Neighbouring countries with more calorific diets can spread their eating habits for example via food

18¢



trades, international marketing campaigns and increased cultural excharggquemly exerting a
positive effect on the cal ori e -oyereffectidhireppriedfarne 6 s
the share of urban population, suggesting that being associated with more urbanised neighbouring
countries reduces the caloregto h r ate of onedés own country. I n n
there are increasing demands for calokémse foods such as meat, dairy products and vegetable oils,
and this leads tarisein the priceof these nosstaple products, making thens$eaffordable and less
consumed in onebds own c ouiBYis that theAtotad impaets coripeset ur e
mostly the direct impacts which are more or less comparable with the SAR coefficients reported in
Table6.6.

Next, the analysis of coiiibnal spatialbeta convergencis replicatedfor two subperiods:
19611998 and 1992 0 1 3 . For the former period, the signif
the spatial dependence while both of the robust LM statistics are significant. For the sake of comparison,
both spatial lag and spdterror modelsare estimatedand the results are presented in Colsi(dh and
(5) of Table6.6. Broadly speaking, the estimates from the SEM are not dramatically different from
those reported for the OLS. Th evergdnce arethe hdifed6s not
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 modethe impact®of controlling forspatial 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. Tharanoefer is
significantly negative-0.012) and hence points to negative spiler effects. To better understand the
influence of spatial dependence, the SAR estimates are disentangled into direct and indirect effects.
Table6.7 shows that none of the iimdct effects is statistically significant, suggesting that changes in
the structural conditions in neighbouring countr
Most of the direct impacts asetuallycomparable with the SAR estimates iable6.7. 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 percetécrease 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 ratewhichis less than the 0.6% decrease implied by #ie oefficient. 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\agikkffects.

The OLS estimations for the conditial beta convergence in the latter period 12093 are
presented in the last column of Taltlg. Spatial diagnosis tests are applied and the results of both
Mor ands | statistic and LM tests are nade stati
unconditional beta convergence mqdsatial dependence is not detected in the latter period 1999

2013. The absence of spatial effects is somewhat predicted since the conditional beta convergence
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specification incorporates a range of structural indisatontrolling 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 atraunal rate equivalent to that from the spatial
model of unconditional beta convergenthese findings confirm that countries are open to a range of
demographic and socieconomic flows and exhibit spatial proximitydietaryconvergence. With the
liberdisation 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 We s&ditrtypical of those living in developed countries. Even after
considering these structural conditiothgre issome evidence for the negative spier 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 implicet especially when a measure of
economic proximity is considered. During the process of economic developmeirictowe countries
may direct their attention and efforts towards improving their infrastructure characteristics to a level
similar to that ohigh-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 thereforeemarg diets. Although the economic
gap between poor and rich countries might seem too big to be bridged soon,-tiie sigifials 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 ithe estimation of caloriégncome relationship is the potential endogeneity of
income and thigsssuehas been raised in many empirical stud#ese, among otherBouis and Haddad

1992; Abdulai and Aubert 2004; Ogundari and Abdulai 2013; Zhou and Yu 2015; Dec5al2818;

Trinh Thi et al. 2018a) Particular attention is paid to the endogeneity due to simultaneity bias as the
direction of causation between cadoconsumption/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 relatedamiec
underdevelopment in developing countries could be alleviated by the means of economic growth
(Abdulai and Aubert2004) Thi s idea is conveyed in the Engel 6
to increase calorie consumptias income rises, bttie marginal growth rate would reduce when the
calorie intake reaches the saturation p(ikoufiaset 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 199@&)ccording to the efficiency wage hypothe&&iglitz 1976) higher
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intakes of calories/nutrients lead to highesductivity of workerghanks to improved health status and
this can contribute to bettevagesand higher wealthSuch areverse causality can be a source of
endogeneityelated to usingncomeas the explanatory variable in the conditional beta convergence
estimationand could cause biased estimaitbeta coefficientThereforejt is of crucialimportarceto
acknavledge the causal link betwedietary intakghealthstatu3 and economic growthspeciallyin
poor countriegWell 2007)and thaincome growth is not a strictly exogenous contributor to better diets
(Tralll et al.2014)

From the econometrics perspective, the error term must be unrelated to the regressors, or
O-3v T inorder for an OLS estimation to give consistent estimators. If this assumption is violated,
the endogeneity issue arises. A common approach to dealndtgeneity in the empirical literature
is using instrumental variables. The instrumental variahlés chosen in such a way that it needs to be
correlated with the endogenous variableut uncorrelated with the error ter@,- 2 mt(Cameron
and Trived 2009) In the context of estimating the relationship between income and calorie
consumption, some instrumental variables have been proposed in previous studies, inclufting non
expenditurg(Subramanian and Deaton 1996; Trinh €hial. 2018a)and rairfall variation (Mangyo
2008) In this research, the share of FHood 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 off@@ienduring the period
19902010 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 iood expenditure is derived as:
EQ p Q (6.26)

where¢ "Qand™Q refer to the share of neflood expenditure and food expenditure respectively for
countryi in yeart. Data on the share of food consumption expenditure in total consumption exgenditu
are retrieved from the FAO Statistics Household Survey Database, International Labour Organisation
and country publicationdAO 2017a) Food consumption expenditure refers to the monetary value of
acquired food, purchased and raurchased, includingam-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 andom-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 coefficientlfmg(initial caloriesyemains 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 hiifié measure as the convergence statistics obtained from the OLS approach.
Nonetteless, 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 wiook more efficient. In order to test for the exogeneity of income
growth, the DurbidWu-Hausman test with the null hypothesis that income growth is exogeneous is
utilised and the test statisti@®urbin 1954 Wu 1974; Hausman 1978&ye reported in Table®. The
difference between the Durbin and YWausman tests of endogeneity is that the former uses an estimate
of the error termbés variance based on the model
while the latter uses an estimate of the evasrance 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 consigigtataCorp 2019)As can be seen in Table 6.9, bdbt
statistics are highly insignificant. The associated lgrgalues 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 neffieient.

Table 6.8 Comparing regression results from OLS and IV estimations.

1) )
Models OLS v
Intercent 0.173** 0.176***
P (0.023) (0.030)
log(initial calories) 0.0237 -0.023™
9 (0.0(B) (0.003)
0.007** 0.006
Arable land
(0.008) (0.004)
0.096+** 0.001
Income growth
(0.024) (0.597)
) 0.011*** 0.009
Urban population
(0.008) (0.012)
0.003 0.003
Female employment
(0.008) (0.005)
Number of observations 90 90
Convergence speed per y€#) 3.06 3.04
Half-life (years) 22.69 22.81

Note:All test results are not significant unless indicated othen@ndard errors are inside the parentheses.
*** Significant atf] T8t p** Significant atf] T8t p* Significant atf]  T.

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 tmvergencen global diets using the per capita daily calories
available for consumption for 118 countries over the period -P8AB. 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 growdites (thed ¢ a t -a pdifecty. 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 atiitiomgome
countries havéeen converging at the fastest pace, thedtonvergence rate reduces as income rises.

In order to account for different structural conditions between countries, a range of agroecological,
socioeconomic, and demographic variablage includedin the condional 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
spatial dimension ithe traditionabetaconvergencenodel 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 Gl obal Mo r apnogimity ik thesdnlg toiyield i ¢ s
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 Ha convergencespecification there is evidence for the spatial
dependence stemming from counspyecific factors (national effects) rather than spilers. The
spatial error model (SEM) is estimated and results point to a faster absolute beta convétgence
ignoring the spatial relationship underestimathe convergence dynamids the conditional spatial
beta convergence modalyen after controllingfor the structural indicators, evidenseiggestshe
negative spilover effects which might implybehavioural 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
asfood available for human consumptitather tharfood consumptioas food waste is not accounted
for. This kind of apparent consumptiodata tends to mask other issues such as hunger and
undernutrition that often coexist with overnutrition. Second, other controls could be added to the

convergencanode| and theclub conwergenceanalysis could be conducted with differaxduntry
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groupings (for exampldyased orpopulation size or language spokefihother limitation is that food

prices are not considered in the analysis. While income is a significant determinant fag calori
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 gieatier.



Chapter 7

Wh at are the worldobés diets? I dent

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 (th&atchingupd effect), the empirical analysis in Chapter 6 applied the
convergenceestingframeworls 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
studiesutilise cluster analysis to identify which countrieaturally group together in terms of food
budgets (Bertail and Caillavet 2008; Erbe Healy 2014; Staudigel and Schréck 2015) or food
consumption behaviouk§il et al. 1995; Balanzat al. 2007; Di Lascio and Disegha 201@nd how
this grouping evolves over time (Walthouwet 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 examglendord 1984; Staudigel and Schréck 2015; Sadowski
2019) or apply clustering algorithms on discrete time periods comparing the results between a baseline
and a followup period (usually the first and last year) (for example,eG#l. 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 addiesseirto fill in this gap in
the literature,this research first employan inrovative copulebased 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 membeFslzpy 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 coBgtgrouping countries into

clusters of relatively homogeneous trajectoriesabric consumptionit is possible to assess which
dietary characteristics most resemble each cluster, how healthiness measures differ between clusters,
and how these have changed over time.

Althoughsuch aranalysis addresses the time dependent naftine data, it neglects the spatial
dimension.Sincedietary data are often cresectional 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
reseach, 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 clusteringtechniques are required (refer to Section 3.5, Chapter 3). To rsuatel
clustering describes the situation in which cluster membership is constrained by some external
information on the spatial relationship among units (often contiguity in spateatsonits 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 account@dufioesic
et al.2014) Taking anexample, while the dietary patterns of Germany, Austria, Canada andrthedJ
Statesare largely consideredNesterd style, several aspects of diets in Germany tend to be more
comparable to Austria and likewise Canada to thidd Statesdue to the closr geographical distance
and consequently the more similar corresponding environmental characteristics.

In food economics, spatial clustering has been employed to track-hedatibd outcomes and
previous studies mainly focus on clustering obesity precai@&artneret al.2016; Hugheet al.2018;

Qiu et al. 2020)or food insecurityKim et al. 2016; Tomitaet al. 2020) Even though earlier authors
realise that communities at risk of unhealthy food intakes could be spatially clu@emstth et al.

2005, the literature on spatial clustering of dietary patterns is(iékkeret al. 2017; Tamuraet 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 asectual factor for dietary behaviour and the findings
could lend support to the design and implementation of flased policy interventions that target
communities at risk of worsening digiseonardet 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 conteionethelessthe majority of prevdus studies have not taken spatial
relationships into consideration. Thus motivated, this study significantly adds to the nascent literature
of this research are#n the second part of the empirical analysis in this chaptemilarities in the
evolution of global diets are captured in the light of an innovative Cdgpagad Fuzzy KMedoids
SpaceTime clustering algorithniDisegnaet al. 2017) This cluster analysis hdise merit of enabling
the inclusion of spatial informatiointo 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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theinnovative copulebased fuzzy time serietusteralgorithmclassifies them in aluster denoting the
ONesterid dietary patterns, the spatime clustering algorithm would identify two clusters: one
including Germany and Austria and the other Canada and theHdSurpose is to form clusters that
are both dat@oherent (in temporal gliension) and spatially coherent. In this respiatould be
possibleto investigate the differing environments between two groups which otherwise would be
maskedn analysinghe aggregatdNesterddiet cluster.

The rest of tts chapter is organised &alows. Section 7.2 explains thenovative time series
andspacetime clustering algoriths Section 7.3 presents the data, Section 7.4 discusses the empirical
resuls and Section 7.5 concludes.

7.2 Methodology

7.2.1 The copulabased fuzzy time serieslastering algorithm

The aim of this chaptes to derive groups of countries with similar patteaisood consumption.
Cluster analysids a datadriven technique that is wedlited for this purpose. Chapter 3 provides a
taxonomy of clustering techniques and Section 3.4 focuses on clustering timé seei¢gpe of data
employed in this empirical analysis. This section delves furtiterdetails of an innovative time series
fuzzy clustering algorithm (Disegmra al.2017) which belongs to the coptifased category. As pointed

out in Section 3.4.(Chapter 3), the copula function offers more appeals than the traditional correlation
coeficient in quantifying the dependence (or-mmvement) between time series, particularly if the
dependence structure is nmear or asymmetric.

The starting point of the cluster analysis is represented by an"Y data matrixv defined as:

o E o
) e E ¢ (7.2)
w E o

wherew is the value of thé-th unit "Q phgf8 i) at the t-th time period © phcH AY. Hence,
the i-th row of the data matriso represents the univariate time series of ithle unit. Here, cluster
analysis aims to classify rows of the data matriso into 0 groups based on the behaviour of the time
trajectories ovetYperiod so as to minimise the intcduster dissimilarity and maximise the iniduster
dissimilarity. First, one needs to define an appropriate dissimilarity measure.

The copulabased dissimilarity measure between any pair of owand® "AQ pi8 h)

and’Q Q can be defined as:

Q ™0 O (7.2)
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where A& is the 12 norm, f is a convenient realalued function, the copuléd expresses the
dependence between time series of Ut#ted™Q0 is the Frechet uppdsound copulad 6h)
i ET6h , which is themaximal degree of similaritjor comonotonicityamong time sges. Based on
equation (6.8), if time series of uni@ndCare exactly canonotone, their dissimilarityQ is equal
to zero. It is noted that the copda in equation (6.8) can be estimated either parametrically or non
parametrically.

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 ohsoét(dncrisp)
clustering each unit can only belong to one clusgerd the cluster membership is either 0 or kol
(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) unitifterentclusters. 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 eerelustering can be referred to SectionZX@hapter 3).

In the fuzzy clustering literature, there are two main clustering methods: Fulisalis 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
(knownasd meddindgée clustering | iteratucreent )iodhisd seba d
allows to characterise the obtained clusters by the exemplar time trajecéoféadure that is appealing
for policy targeting purposds D 0 Uet ad.2019a) Second, Fuzzy #Medoids prove to be more robust
to the presence of noise and outlierthe data than Fuzzy-Kleans because a medoid is less affected
by outliers or extreme values than a centroid (Kaufman and Rousseeuw 2009;Ksatmiarcet al.
2010; Maharagt al.2019).

The Fuzzy KMedoids approach when combined with the cofhaaeddissimilarity measure
leads to the novel Copulezased Fuzzy KMedoids time series clustering algorithm. The objective

function of this algorithm can be formalised as follows:

aQB B 0Q who B B o Qe 6 &
, -, (7.3)
B o pho T
wherew andw are respectively the time series of tk unit and the medoid time series of thénh
cluster;6 denotes the membership degree ofittieunit in thek-th cluster Q phclB o ;& p
is the fuzziness parameter to be set by the @erdB is the dissimilarity measure between time series
of thei-th unit and thek-th medoid.

In simple terms, e objective function?3) implies that the clustering algorithm aims to
partition 0 time series intod 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

Remarkl: Data prefiltering

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 tiine series

can be decomposeqito:

1 7Y, thetrend componentwhich reflects the slowandlorgun evol uti on (fisecul
for example, a continued increasing or decreasing direction over time.

6 hthe cyclecomponentwhich represents a regular repetition of the samepaih the long
run. Commonly, the trend and cycle components are known together as theytkentor
simply trend) component.

f “Yhthe seasonalitycomponentwhich represents a repeated pattern that occurs every unit of
time (no longer than a year) tine short run (for example quarterly, monthly or weekly).

f 'Yhthe randomcomponent (or Anoi seod) , whi ch reflec
influences, for example turning points and unexpected occurrences (maybe due to war or
natural disaster). 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 companent® Y RYRY .
To help improve the understanding of time seriessé components are often extracted and examined
in isolation.

In Disegnaet al. (2017), the authors recommend undertaking a datdilfgeng 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 proc@tarmain purpose of this
prefiltering stepis to remove the effects of heteroscedasticity and autocorrelation in the copula
estimation of the dependence structure (Duranét. 2014, 2015). The authors illustrate the application
of the clustering algithm in detecting common behaviours of tourist flows. It is ¥kaltbwn that time
series data in tourism are usually characterised by a strong common seasonality compeA&EmgGil
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 analyss, 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:(t¥erahd random’Y . So, a
decision to be made here is whether to apply the clustering algorithm on the residudY qafies
removing the trend) or the observed sed@eéincluding the trend). The existing literature does not offer

much guiénce on this and to the besttoh e a unbwiealge dolate no prior study has attempted
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to perform cluster analysis on the whole sequenc#sedfAO food availability.The interpretation of
clustering results would differ depending on which clusteveugable is employed.

In order to capture the twin nature of trend and fluctuation present in food consumption data,
the clustering algorithnwill be performedin two scenarios when the clustering variables are the
observed serie® and the detrende@sidual serie¥ . 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 timeteragstering 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
evolutionin calorie @nsumption. This analysis is henceforth denotedleend analysi@ 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 removecembaeder is the random
patterns characterising the wunpredicted and irr
example war, natural disastegonomiccrisis or political instability). Utilising such information, the

clustering algorithm wouldyroup together countries exhibiting simildeviations from the trend

(sudden increase/decrease) in calorie consumption and is hereafter referiidiictaation analysés
Employingdet r ended seri es, 6Fl uctuat i opattemsmiadatashats 6 ¢ 0|
might be masked by the trends.

To highlight this, the differences between two analyses are illustrated in Fdutesing
simulated data. Considering four annual time s@bies’Q pFB it , each time series can be split into
two components: trendYRQ pf8 fr) and random’Y HQ pFedt) sothatdy "Y 'Y . The time

indext runs from 1 to 30. The trend lines are represented by quadratic trends as follows:

Y WY T8IP TEIO (7.4a)
Y «BOL CO TBT® (7.4b)
Y1 T8IP T8O (7.4c)
Y p UL O T (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:

Y @ - 8- (7.5a)
Y TPy - T (7.5b)
Y -2 T (7.5¢)
Y -2 T3l pae (7.5d)

where- and-eaarewhite noise processbeing identically and independently distributed with normal

distribution.
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The copulabased time series fuzzy clustering altfon is performed on the original data ()
and the prdiltered data{f ). The results are displayed in Figut&. Time series of the same group
are denoted by the same coladlirend analysiclassifies the observed series into two grodp$d
and &M as shown in the top panel. Scrutinising further into separate componentsa such
classification is largely driven by the existence of common trends. By construction in equédaiEon (
c), the trend lines of the first and third seriesenthe 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 Figlravhere”Yand™Y are
represented by a somewhat almost monotonic increase “Wtiled”Y by a parabolic tshaped line.
This describes hothed Tr end anal ysi s & i idbgsearchihgfe somman frehdsr e n t
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. Ontheothee nd, &6 Fl uctuati on analysisé categor
groups & and & hd  according to the similar behaviour of random seriés’Y and (Y ,'Y .
The lower panel of Figuré1 shows thalarge/small values of one frdom) 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 ther@égative deviation from the trend
observedor & and® (denoted by a trough in the corresponding random series) but a positive deviation
from the trend observed fay and® (denoted by a peak in the corresponding random series). So, even
though the O0Trend anal y sntriessGhasng a domstarg nsingutnendindhg et h e«
calorie consumption, t tlassifydhBnh idoctvio Wdifferent@losters ondessy s i s 0

common deviations from the trend exist.

19¢



X3
X1

Cbserved

Trend

T4
T2

R1

NN
MM/V\/\/—/\/\/‘/

0 5 10 15 20 25 30
Time

Random

Figure 7.1 Clustering results: observed series versus detrended series.

Remark 2: The fuzziness parameter

The parameters to be fixed in equati@r8) are the fuzziness parameterand the number of clusters

0. The fuzziness paramet@r p is usually chosen by the user and has an influence on the clustering
results. Ifa 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 veitytsmailar to those

of crisp clustering methods. In contrast, a large value wofill lead to all membership degrees being

close toP o - Thus, Kamdar and Jost#000) suggest selectirig in the range (1, 1.5].

Remark 3: Cluster validity

The number of lastersd 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



3.2.2 (Chapter 3)Iin fuzzy clustering framework, the widelised validity measures for selecting
includeXie-Beniindex (Xie and Beni 1991) arklizzy Silhouett'ndex (Campello and Hruschka 2006).
Xie-Beni criterion (XB) is defined as the ratio between compactness and separation among

clusters, and can be cpoted by:

n o a B B h
WO = (7.6)

where A} ¥ pfB () . The numerator in equation (6.10) representsata within-cluster distance
which is the objective furtion (calledV) of the Fuzzy KMedoids clustering procedure. The ratits

called thecompactnessf the fuzzy partition. The smaller this value, the more compact a partition with
a fixed number of clusters is. The other elentef®¢ ‘Q @ hi in the denominator is called the
separationbecause the larger this value the more separate the clustering partition with a fixed number
of clusters. Thus, for a fixed number of clusters, shmllerthe XB value, the more compact and
separate the clusters are, bedterthe assignment of the usito the clusters. Despite being intuitive,
XB index has two major disadvantages: it decreases monotonicallgpgroaches , and XB goes to
infinity as the fuzziness parameterbecomes very largé&Cebeci 2019)

Another criterion for selecting the mibber of clusters 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 d@sgigned
clusters in terms of simultaneously minimising the ithaster distance and maximising the inter
cluster distance. The FS index is defined as:

B

oY = h —— (7.7)

whered is the average distance betweenittie unit andall units belonging to th&-th cluster Q
pf8 Ay with which"Qs associated with the highest membership degoeis; the minimum (over
clusters) average distana# the i-th unit to all units belonging to the clust& with Q Q;

0 0 is the weight of each calculated upon the fuzzy partiion matfiXx o6 MNQ

pB M MQ pMB hy , whereQandQare respectively the first and second best clusters (accordingly to
the membership degree) to which thl unit is associated; is the user defined weighting coefficient.
Thehigherthe FS value, thbetterthe assignment of the units to the clusters.

It is noted that the FS criterion explicitly considers the fuzzy membership méatrixd dQ
ph8 A IQ pfB Ry in its calculation. Maharagt al.(2019, p.40) further comment:

Al Fuzzy Silhouett e] may be ablchstarsevediftteeser i mi n e

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 méathased on the degrees to which
clusters overlap one another. Thifommation 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 obj

Using artificid data setsCebeci(2019)compares the performance of these two popular indices
and concludes that FS index tends to be more stable. In addition, Campello and Hi2@@&kahow
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. NonetRaesshdeh and Ralescu
(2012)argue that FS index tends to igndne tlustering 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 thiene series clustering algorithm in the empirical analysis
The objective function in equatioi.B) is subject to the following specifications:

(1) The fuzziness parameter is setito p&® because of its better performanceearlierstudies
(Kamdar and Jost#000).

(2) The function'Qs set to: Qo Age® p (7.8)
because this has been empirically tested and appears to be the most convenient to highlight
small differences amordjssimilar values.

(3) Following the empirical application provided in Disegegal. (2017), the copulad in

equation 7.2) is estimated by:
6 o -B p— oOh— ¥ (7.9)
whereY andY ar e the ranks associated with the obsc¢
detrended series for OFluctuation analysiso.
(4) The optimal number of clustetsis detected by Fuzzy Silhouette and -Beni indices as
discussed in Remark 3.
) For thetd®tbhuaenal ysisd, the original ti-me ser.|
Prescott filter. This detrending method is attractive since the detrended series can be obtained

even when the relationship of the trend component on fdde, Y, is unknown.



7.2.2 The Copulabased Fuzzy kMedoids SpaceTime clustering algorithm (COFUST)

Embedding spatial information in cluster analysis: Proximity matrix

Cluster analysis discovers patterns in data by organising a 8etlgécts intad disjoint unknown
clusters so that the withidluster dissimilarity is minimised while the betwednster 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 imposast@int(s) on the set of allowable solutions. As such, the
membership of clusters is determined partly by external information (Eeeatt2011). A popular

type of constraint in empirical researchsigatial constraint. Simply speaking, not only should the
within-group dispersion be minimised but also the spatial autocorrelation between units should be
considered. One redife scenario where the proximity between objects mattetfseiolustering task is

for the mapping of virus duringnepidemic 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 matriXY which is a symmetric matrix with e@ diagonal and the ceffiagonal elements
indicate the spatial relationship between two spatial (Rltam 2001; Copgital.2 0 1 0 ; @&@&.Ur s o
2019a) "Vis labelledproximity matrixto avoid confusion with the spatial weight matixthat was
discused in Chapter 6Again, the proximity here could be geographical, biological, or social.
Numerous approaches in buildiog could be applied to construdf Two widely used methods of
developing the proximity matriXvinvolve the concepts afontiguity and connectivity.To illustrate,
two territorial units are contiguous if they are neighbours or if they belong to the sameamezc(even

when they are not adjacent). In this regard, the generic elemefit given asi p if unitsi andj
are contiguous@ ’® and 0 otherwiseAlternatively, the generic elemeint could be the inverse of a
distance measure betweenitsi andj ('Q "@and is normalised to be in the range [0, 1]. The more

connected the two units, the lower the vatluéy

The copulabased dissimilarity measure

The starting point is represented by @n Y data matrix®, defined as follows:

@ E @
) e E ¢ (7.1)
© E o

whereo is the value of thé-th unit (Q phch8 R) at thet-th time 6 phgB Y. In other words,
the i-th row of matrix®@represents time series of théh unit. The additional spatial information is

represented by am ( 0 proximity matrix"Ygiven by:
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T E
w n E i
Y s & e (7.10)
i i E 1
where the generic entfy is the proximity measure between unisndj @Q phclB R i 1
andi 1. Usually,”Yis a symmetric matrix: i Q'™

In the case where spatial information is not considered, the ebpstal dissimilarity2

between units andj can be defined as:
Q Q0 o (7.2)
where’Qs an increasing and continuorgatvalued function withQrt 11, ABEis the suitable norm
in the copula spacé, measurestherarknv ari ant similarity (fidepende
units i and j, and0 is the Frechet uppdround copulad o6fb | E T6h) representing the

maximum degree of similarity among time serie$. If 0, the dissimilarity betweed andw is 0.

In order to incorporate spatial information into the dissimilarity distaooe first need to
transform the proximity matrix $iio a matrix whose entries are objects of the copula space:
Y {0 p i 0 (711

where0 is the Frechet lowebound copuld 6fy | A@ 0 pht representing the maximum
degree of dissimilarity aong time series. Whein 1t (i.e, unitsi andj are proximate))Y 0,
whilst"Y 0 wheni p (i.e, units’@ndCGre far away).

Thus, each paif@°Qof units is associated with a copula that combines the dependence and
proximity information, shown by:

& 16 p 1Y (7.12)

wherd N Tip is a tuning parameter that reflects how much &rilte proximity information exerts
on the clustering procedure]If p, the clustering output only reflects the dependence among time
series while the clustering solution is solely based on the proximity informaltien L

Therefore, with the presena# spatial information the copuldased dissimilarity measure
between units andj is defined as:

Q Q0 o (713
Substituting (711) and (712) into (713) gives:

Q Q10 8 { p T O O (7.14)
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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 clustefusters 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 clusteZsisp clusteringarbitrarily assigns those data points to
one of the clusters although they should equally belong to all of them. By cofuzagtclusterings
an overlapping approach which allows a unit to belong to multiple clusters simultaneously with different
degees 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 prdducéuzzy clustering methods also
indicate whether there is a secepgbt cluster almost as good as the best clustdeature that crisp
clustering methods cannot capture.

Two main fuzzy clustering methods in the empirical literature include Fuzidedns and
Fuzzy K-Medoids, details of which are discussed in Section 3.3.2, Chapter 3. Here, the latter is proposed
for the spacgime clustering task due to its two major advantages. First, the algorithm netedosds
that adequately synthesise the stnal information of each cluster, and furthermore these medoids are
actual units instead of G6i magi n aMegndtechnigae: These s er i
nonfictional medoids provide better interpretations of the final obtained clustepecially in

clustering territorial units. Kaufman and Rousse€R009, p.71) argue:

Aln many clustering problems, one is particula
means of typical or representative objects [geographical teesjofiihese 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 [geograpdiidtdries] instead of the

| arge set one started off witho.

Second, the Fuzzy Kiedoids technique tends to be more robust to the presence of noise in the data
than the Fuzzy KMeans (GarcidEscudercet al.2010).

The general Fuzzy #/edoids algorithm aabe formalised as:

G @B B 06 Q o

. 71
B o pho 11 (719

wherew ando are time series of thieth unit and medoid time series of tkgh Q phch8 R

cluster;6 denotes the membership degree ofittie unit in thek-th cluster@  pis the fuzziness
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parameterQ hw is the dissimilarity measure between time series ofi-heunit and thek-th
medoid, and is defined as in equatiorlLd). According to the objective function (&), the COFUST
algorithm aims to minimise the coptit@sed spaceonsidered dissimilarity between data points and

cluster centres (i.e. medoids in thisse).

Data pre-processing

As discussed in Section 7.2.the choice of using actual data or 4ilteered data offers different
interpretations, and hence is a melrt.the same spiritthe COFUST algorithm in the subsequent

empirical analysis will beg@r f or med f oBp aacitadalt rdeantda-fiiéned tajas i s 6 )
(Spatial fluctuation analysisd). 6@t@lntrend dnalgsisi nct i o
detects groups of countries with similar evolution in calorie consumption wihilsttaneously being

close in spatial proximity. On the other hand, clusters derived frorh fBaial fluctuation analysis

include countries whose calorie consumptions experience similar deviations from the trend while

countries in the same cluster arguiged to be spatially close.

Some remarks on cluster validity

The parameters to be fixed in modell§).are the number of clustews the fuzziness parametirand
the tuning parametgr. Details on how to chooseandd are referred to Sectioh2.1

Here, the selection of the optimal value tlofandf is more complicated and cannot be
determined simultaneouslyhe optimal number of clustetscan be suggested by the Fuzzy Silhouette
Index (FS) (Campello and HruschR@06) or XieBeni Index (XB) (Xie and Beni 1991). However,
there is no subjective criteria/test for choosing the tuning parametbich can take any value between
0 (no time series information is used to formulate clusters) and 1 (no spatial inforieaticorporated
into the clustering procedure). Indeed, Diseghal.(2017) recommend settihgbetween 0.5 and 1
since a value d¢f lowerthan 0.5vould indicate an overpowering influence of spatial information.

A possible solution is representedthg following heuristic procedure: assumindnas already
been chosen (in the scenario when spatial information is not considered in the cluster andlysis, i.e.
p), for every specified value df the obtained clusters are constructed in such a wayheavithin
cluster dispersion is minimised while the witldluster spatial autocorrelation is maximised. To this
purpose, for fixed values of andd , the algorithm is run for varying valuesfofand the optimal value
oft is chosen so that the padtister 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 finmes the fial cluster obtainment, perhaps by some
adjustments in the membership degrees. Obviously, a crucial task is to compute the spatial
autocorrelation among pesluster unitg the basis to determiie
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7.2.3 Spatio-temporal autocorrelation

Measuring spatioctemporal autocorrelation in time series data

As explored in earlier sections, a commonly used tool to measure spatial autocorrelation in the literature

is the GIlobal Morands | statistic (Moran 1950a;
significance test heavily rely othe exogenous spatial weight matrix, 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. ChaddodpeZ2008, p.102) argue:

Aspati al dependence has wusually been defined e

interaction existing between geographic locations that takes plageairticular moment in tinde.

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 tireesion, and moreov@ubé and Legros
(2013as how t hat i gnoring the temporal di mension cou
of spatial dependence over time. To study the spatial dependence irstatiomanner, one could
simply calcula¢ t he Moranés index for different discret
techniques (Rey 2001; Rey 2014) to determine whether there is significanitepgtioral interaction
(Carracedt al.2018). Nonetheless, scant attention has been @#e 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 previoustaors consider separate spatial and temporal weight matrices to control for
spatial effects, temporal effects and indirect spetinporal effectg§Paceet al. 1998; Pacet al.2000;

Sunet al. 2005) On the other hand, a large number of researcherstte develop the soalled
spatictemporal weight matridy blending spatial and temporal matrices together, and then plug this
integrated matrix into the Gl obal Mo Huangétal. | i nde
2010; Dubé and Legros 28a, 2013b; Yu 2014; Lee and Li 201Despite 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, phiaéttive or of a different nature

(Bertazzon 2003; Lee and Li 2017Moreover, these methods consider spatial observations and
temporal values separately by incorporating temporal lags into the spatial weight matrix.

Here, taking an alternative approahis analysigollowsa recent literature strand in which the
measurement of spattemporal autocorrelation between two spatial units depends on the similarity of
the two time serie@Poratet al.2012; Gacet al.2019) In order to understand the rationale behind this

approachitis usefultolookat he GI obal MMorara 195Dafor crosssectibeakdata:
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— = - (7.16)

wherew and® are values of observations at locagé@nd Qespectivelygfis the mean value of all
observationsy is the number of observations, amdis the spatial weight matrix. When spatial
observations are time series, the measuretne of t he devi ation in the GI ob
(7.9) is no longer applicable.d$ is a time series, the elemeqt ( af becomes the deviation between
time series at locatiotand the global mean series. This situation requires a measurement of similarity
between two time serie®oratet al. (2012) replace the attribute deviation in the original Global
Moranés | calculation with t heeleRemt@r sdiomequatomm r el at i
(7.9) is substituted by the Pearson correlation statistic between the temporal sequeraglecdtion
‘(and the average seriedNonetheless, this measurement is criticised for the assumptions of normal
distribution andinear relationship between variables. Analysing the sqiatigporal autocorrelation
for human mobility dataizaoet 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 sersesieasuredfom the perspective of temporal
trend proximity. Specificallythe element(cw of is replacedwith the Kendall rank correlation
coefficient (or KEendah 1955fhawedndime seriese Thé praposednspalio
temporal autocorrelation measure is calculated by:

B B

(@) — = (7.17)
wherel denotes Kendall correlation coefficient betwegmet series at locatioitand the average
series.
Calcul ation of the Kendall 6s tau i s referred

correlation is based on the ranks of observations and measures the strength and direction of the
monotonic relationship between two variables. It makes use adeheofconcordanceTwo 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 Kendal |l 6s tau has a <critical advantage
former is a nofparametric test and does not rely on the assumptions of the underlying distribution. In
addition, Pearsonds coeffiasemitgmemrsaksol uthepnryv
correlation indicates that there is a monotonic (but not necessarily linear) relationship between two
variablegPuthetal.2015)Kendal | 6s tau is consi der epdranmtrib et t er
rank carelation coefficieni Spear mands rho, when the sample si zé
ranks(Legendre and Legendre 1998)

In the fuzzy clustering cont extithelRurzyMorah ensi on

index (FM) is introduced i€oppiet al. (2010 andD & U retsalb(2019a) The purpose is to assess the
20t



spatial autocorrelation of clustering partitions iniethunits belong to multiple clusters with varying
degrees of membership. In the case of univariate time series, the (univariate) spatial autocorrelation for

the genericQth clusteris given as:

8 8 (7.18)

where® ist he 6compromi sed vector ( we i"rhetoecasionge an of
@ is thel -vector with elements equal to the average ofche values oved units,”Y is the

square diagonal matrix of orderof the membership degrees of thth cluster, an®is the proximity

matrix. Q "Q¢8'@s 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 el&xiomd &

contains the number of neighbouring areas of the associaté&l apiit In general, the rationale behind

the Fuzzy Moran index is that in order to account for the membership structurekghtblester, the

elements ofYare scaled by the membership degrees of the spatial units in the cluster involved.

Convenieny, equation (7.8) can be rewritten as:

8 8 (7.19)

where0 'O ——is the centring operator in whié® is anidentity matrix of orded andp is a

columnvector of ordef) with unit elements.

However, information related to the temporal variations among time series is not considered in
equation (719) since the vecto®d represents average data o\dime occasions. Furthermore, the
fact thatthe clustering objects are spatime units requires a measurement of spaginporal
autocorrelation so that both temporal and spatial dimensions of the data are adequately dealt with. In
this regard, the Fugz Mo r a n i8 generalisdtly modifying the deviation® W . The
Generalised Fuzzy Moran index is defined as:

n w7z 8 8
Ou 5 5 (7.20)

whereuwy is theU -vector with elemeny @b ei ng t he Kendall 6s correlatic
series at locatioffand themeanseries Si mi | ar to the Fuzzy Moranés
Moranindex ranges betweefh and 1. The value of 1 indicates perfect spinporal autocorrelation,

i . e. units are close in O0spaced and exhibit S
decreases as units become whiathd vake of D indicétessma c e 6 &
autocorrelation. Broadly speaking, the higher the FM* index, the higher the -tgraporal

autocorrelation, the better the assignment of the (sfirme@ units to the clusters.
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Simulations

In this section, tw@xamplesre usedo illustrate the performance and main features of the Generalised
Fuzzy Moran index. For the sake of comparison, in each simulatigretf@mance ofhe Generalised
Fuzzy Moran indexs compared witrsome existing measures in the bteerre including the Global

Morandéds | index and the Fuzzy Moran index.
Simulation 1: spacéime data without clustering

Consider 12 time series of lengtf¥ p ft v tandassume that the time series are generated via the

following copula model:
6 w8 o 6 Ghvho 8 ohoh & ool & o b (7.20)

where6 Q pl8h are copul as belonging to thetie0@lyt on f a
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
t 1 vythe time series from each groane relatively close in terms of temporal dependence, whereas
settingt 18t pyives a sample consisting of 12 time series that are relatively far in temporal proximity.
Assumethat there idditional information on the spatial relationship among timesenits.
To control for the various degree of pravex i mi ty
consideredThe first proximity matrix (S1) is defined in such a way that p if thei-th andj-th time
series belong to the same copula and T 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
i ntwhen botH@GQ ¢f8 Ip ¢ andi p for every’Q p. This configuration allows thirst 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 replicatioty pf8 fg m,7he time series from model (712 are generatednd the
Generalised Fuzzy Moran indéxcomputedo determine the spati@mporal autocorrelation of the
sample.Results are reported in Tablg.1 and 7.2. From the inspection of the two tables,esom

comments can be mads follows

1 Given all other parameters fixed, the Generalised Fuzzy Moran index returns a higher value
than the Gl obal Morandés | statistic.

1 For all other parameters fixed, the spagmporal autocorrelation increases as the lefyth
the time series increasesowever the Gl obal Mor anos I i ndex
example, using the proximity matrix S1 for various valuesyof t h e GI ollstatistic Mor an 6

is in the vicinity of 0.88 whent 18§ vand -0.08 whent 18t p Hene, the spatial
207



autocorrelation is unaffected by changing the length of the time series whereas the spatio
temporal autocorrelation is affected.

Fixing the spatial relationship among time series (by either S1 or S2), reducing the dependence
parametert from 0.75 to 0.01 results in a lower Generalised Fuzzy Moran value. Thus, with
the same proximity information, the computed sptimporal autocorrelation decreases as the
time series are further in terms of temporal dependence.

For time series generateain the same dependence parameteither 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

computedspatietemporal autocorrelation is higher when time series unitsatallycloser

and declines as units become farthan

t he

6spacebd

Table71Resul t s of Gl obal Mor anés | iceafordmueddata al i s ed
from model (7.21) with proximity matrix S1.
Time series Gl obal Mor anods Generalised Fuzzy Moran index
length T mu t m8tp t m™v t mdip
Y pT 0.8769 -0.0838 0.9315 0.3724
Y ¢t 0.8837 -0.0731 0.9733 0.6133
Y uTt 0.8802 -0.0755 0.9918 0.8156
Note:Mean values over R = 200 replications.
Table72Resul t s of Gl obal Mor ands | iceafor dmuaeddata al i s ed

from model (7.21) with proximity matrix S2.

Time series Gl obal Mor ands Generalised Fuzzy Moran index
length T m v t mdp t ™ T m8p
Y o pm -0.0888 -0.0896 0.6354 0.2732
Y ¢m -0.0894 -0.0909 0.8432 0.5299
Y um -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 isdexmputedor postcluster units and its
performancds comparedvith the Fuzzy Moran index. To this end, 12 time series of lengthu 1t
generated through the copula models in{)a2e considerednd the spatial information among time
series is summarised by pioity matrices S1 and S2. For each proximity matrix, the COFUST
algorithmis appliedfor 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 statigticalclatedfor the four
cluster solutionResults are reported in Tablé.3 and 7.4.

When clusters are obtained merely by the behaviour of time series, i.e. no spatial information
is considered ( p), the Generalised Fuzzy Moran index differs significanthnf the Fuzzy Moran
index. Particularly whefi 18t p 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
6spaced due t o imith matriz 81t Asm resuft, the $patemparab 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 influencethef temporal dimension on th@eneralised
Fuzzy Moran index ithereforeapparent.

The results of clustering time series with spatial information are obtainesdtings  p. For
either proximity matrix, one could arrive at different conclusion if he/she chooses the optimal value of
the spatial tuning coefficieht based on the values of Generalised Fuzzy Moran and Fuzzy Moran
indices. For example, in the case of S1 &ndt& ythe Fuzzy Moran index reaches its maximal value
whent p, indicating that  p being the optimal value at which the spatial autocorrelation among
postcluster units is maximised. However, the sp&timporal autocorrelation measure reaches its
maximun (0.6263) at  T@BThus, failing to account for both spatial and temporal dimensions in the

datavarying across space and over tiooalld lead to incorrect results.

Table 7.3 Results of Fuzzy Moran and Gearalised Fuzzy Moran indcesfor simulated data

from model (7.29) with length T=50 and proximity matrix S1.

Clustering tuning Fuzzy Moran index Generalised Fuzzy Moran index
parameter T ™v t mp t v t m8tp
) p 0.9868 0.4870 0.5790 -0.0431
1 T80 0.9548 0.4374 0.6236 -0.0690
1 TR 0.7526 0.4278 0.5722 -0.0289
1 X 0.5460 0.4323 0.4976 -0.0482

Note:Mean values over R = 200 replications.



Table 7.4 Results of Fuzzy Moran andGeneralised 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 T ™v T mp t ™ t m8ip
f p 0.1234 0.3902 0.0405 -0.0350
I 0.2243 0.4172 0.0220 -0.0339
T o™ 0.3409 0.0267 0.0094 -0.0033
(L 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 feahees of

Generalised Fuzzy Moran index. On the one hand, the proposed index extends the classical Global

Mor anos |

statistics to

comput e

t he

spati al

be considered as an extension of the Fuzzy Mioidex to measure the spatemporal autocorrelation

of postcluster units in a spadéme clustering procedure. In this analysis, the Generalised Fuzzy Moran

index will be adopted to assist the selection of final clustering partition in the COFUST intyster

algorithm when several spatial coefficient$ ére considered.

7.3 Data

In order to explore how the global diets have evolved over, tiai collated from the Food Balance

Sheet (FBS) are utilised. The FBS contains annual time series on enemly Gupasured as

aut o

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 $ection 4.3.4Chapter 3. Despite

being repeatedly mentioned throughout tharrative, it is worth emphasising again that the

consumptiordevel waste (i.e. food that is wasted at retail, restaurants, and household) is not

incorporated in thesupplyfigures, therefore thEBS datarepresentsood available for consumption

rather han actual food consumptionn the subsequent empirical analysibe termscaloric

consumptionfood consumptiorand diet should be interpreted deod 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 caveathe FBS datahas been widely utilised in empirical

studies as it is the only source of standardised consumption information that enables longitudinal

comparisons between a large set of coun{ii@arnauet al.2019) This chapter utilises the same data

set as in Chapter 6, which consists of 118 annual univariate time series on daily per calpitbrats

available for consumption (hereafter referred tpexrscapital daily caloriesfrom 1961 to 2013.
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For the cluster profiling step, information on apparent consumption of main food aggregates is
gathered from the FBEAO 2019c) Data on GDP pecapita are collected from the FAOSTAFAO
2019b)and other dta are retrieved from the World Bad&tabaséWorld Bank 2020e)

To examinehow the global diets have evolved with respect to some common guidelines on
heal thy diets, a suitabl e i ndeisndededdmenganumber t he
of dietary quality indices in the existing literature (see Section 4.apt€h 4), theMediterranean
Adequacy IndexMAl) is seleded in this analysis. This indexasoriginally developed by Fidanzzt
al. (2004) to measure the adherence to the Mediterranean diet in two Italian cohorts of the Seven
Countries Study. The benefiis well as drawbacks dfie MAI are discussed in Section 4.3 (Chapter
4). To recap, two major advantages incltliesimplicity of calculation with readily available data and
theusefulness in comparing the trends in food availability over time.

In termsof calculation, MAI is created as a quotient between the sum of calories from typical
Mediterranean diet (healthy foods) and the sum of calories frortypacal Mediterranean dietess
healthy foods). Overall, the higher the MAI value, the greaterdherance to Mediterranean dietary

patterns, the healthier the diet. Here, the MAdlamputedas:

D00 (7.22)

7.4 Empirical results

7.41 Results of thecopula-based fuzzy time series clustering algorithm

To assess the similarities among national diets over time, cluster analysis is utilised to identify groups
of countries that share common characteristics ip#se trends ofalorie availability.

To help visualise the data, 118 univariate time series of per capita daily calories are illustrated
in Figure7.2. Each row of the heatmap represents a univariate time series, and the line graph below the
heatmap plots the aggregate series. The heatmamatfquresents 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
19612013 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 isnessed. This trend is confirmed by the gradual
increase of the aggregate series (except for a little stagnation in #i9&tld and earkt990s) in the
line graph. However, some countries seem to buck this rising trend as shown by the transition from
gree 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 tifiere uneven across countries. Additionally, the period 1980

1990 is when the calorie changes (the switch from white to green or the reverse) became most apparent.
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Figure 7.2 Time series plot ofdaily per capita caloriesfor 118 countries 19612013.

On the other hand, Figuie2 demonstrates the complexitytbie data which varies both across
countries and over time: 118 annual time series spanning over 53 years. The complexity of this data set
requires amrexploratory tool to describe and summarise the data meaningfully. A simple naive 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) I8\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
Germaly despite their geographical and economic proximity respectively. In such circumstances,
techniques that categorise countries more flexibly offer some appeals. One sucbltstéisanalysis
I a data description method that classifies countries inferdift 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 coptiiesed time series fuzzy clustering algorithm (Disegjnal.
2017)is adoptedo detect dferent clusters characterised by similarities in the histottieaids of
caloric consumptionThe copula function helps to detect the dependence among time series whilst the
fuzzy approach allows a country to belong to multiple clusters with varyingee@f 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 theotion 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 coumtnyimpssible 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-copula
based dependence among the clusgevariables (time series in this case). As discussed in Remark 1
(Section7.2.1), the clustering algorithm is conducted in two scenarios, when the clustering variables
are original data {blftenddadat gsi(®9&) vaebdpipiréedr a
analysisbé classifies countriceasnshmptsbare&hc¢cbmmor
analysisé clusters countries that excpnsumptiennce c on
Before performing thecluster analysis, it is useful to have an idea about what kind of
relationship exists in the data. Figure8¥ i sual i ses the pairwise Kendal
clustering time series in heatmap format: blue (red) indicates positive (negative)ticorrated the
darker the shade the stronger the correlation. T
hand side is mainly made up of white or very light red/blue shades that denote correlation measures
close to zero, implying low pairwiskependence among glitered data (detrended series). In contrast,
the majority of observed series employed in O0Tre
dominance of red shades whilst a minority are negatively correlated. The inspéé&tigare7.3thus
reveals a clear and significant dependence stru
analysisé but a more random pattern (i.e. No as:¢

Clustering results from two analysare discussed in turn below.
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Trend analysis
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Trend analysis: clustering variables are original data (observed series)

Figure7.4 showsvalues ofthe FS and XBcluster validity iné@xfor varying number of clusters from

2 to 10. The optimal number of clusters is suggested not by the level of the indibgsthie changes

of the series (the largest value among the peaks in FS and the smallest value among the troughs in XB).
According to Figurér.4, the two indices exhibit clear mirroring behaviours: the FS peaks while the XB
troughsath ¢,0 Tt,andv . ltis evident that twaluster solution is the best partition, followed

by four-cluster and sbcluster solution. Thus, thdusteringresultsof two-cluster, fourcluster and six

cluster partitions are interpreted in the subsequent discussion.
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Figure 7.4 FS and XBvalidity ind ex valuesfor each cluster partition € from 2 to 10 (Trend

analysis).

FixingL ¢, 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. Fgure
illustrates the cluster medoids and the membership degreetoteantry 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 clusterepresentative (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 degwdedb 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 memeérship 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 incliizeri&ud,

Australia, and some countries scattered in Southern Africa.
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Figure 7.5 Cluster membership degrees , Trend analysis).
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Figure7.6 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 cemtuhyift that 94% of
the global population has experienced. In contrast, the calaitbility 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 Figuré.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 CLEessmts the minority whose calorie figure may
have fallen. Even though rising calorie consumpt
detects another trend which is minor but ineluctable and evident in Fidhiie réducing calorie
consumptia. Will these two trends remain, or will new dietary patterns emetgen the number of

clusters) increases?
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Figure 7.6 Weighted average daily per capita calories, 1962013 (L , Trend analysig.

Whent T, 6Trend analysis6é reveals four cluster
the world population are classified into CL1, approximately 10% in CL2 and CL3 aadICL4 is the
niche cluster accounting for less than 5% of the global population. Figlilestrates the geographical
dispersion of each cluster. In each world map, the cluster is represented by a country representative
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(Amedoi do) craltheaalorie tWajectany offwich js mast 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 bhlerkdrethe 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 tther 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 approximaibmough thegrouping 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 leaditagsimilar outcomes despite seemingly different settings. Obesity is
after all a universal phenomenovet, it is not hard to find other countries (for example Australia)
whose membership proportion spreads almost equally in all clusters. In such cinoesstiae idea of

a national dietary trend is more oba u natuyed@nd the presence of multiple dietary evolutions in a

single country will be more appropriate.
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Figure 7.7 Cluster membership degrees , 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, tlyepéa 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 calorifcduster 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 ofv@lid) 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 betven 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 growtim f&iture 68).
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Overall, whernh T, 6Trend analysisdé identifies four
(CL1), two rising trends with a dip (CE2), and a reversal (CL4). Although the four dietary trends were
heading on distinct paths tdlifferent levels of calories, they have evolved in the same upward direction
and at a similar pace during the last couple of decades. Compared to-ttlasteo partition, the four
cluster solution keeps the niche cluster whose calorie consumption demligethe past half a century
but divides the dominant cluster characterised by increasing calblogvever, there is still a large
cluster represents 75% of the world population whose calorie consumption has risen constantly over

the time. Perhaps thiduster will be further split up when the number of cluster increases.
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Figure 7.8 Weighted averagedaily per capita calories 19612013( Lt , Trend analysis).

Fixing0 @, cluster analysis identifies sotusters 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
populdion whereas the remaining clusters (CL1, CL5 and CL6) are niche clusters. F@stows
the geographical dispersion of each cluster. The dark shade of blue dominates in CL2, indicating the
relatively high membership degree of most countries to thierluCountries predominantly indied

in CL2 arethe USA, Canada, and Brazil. The dark shades of blue associated with t8&3econd
22C
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largest cluster belong to Japan, the Netherlands and some Mediterranean countries such as Spain, Italy
and Greece. Theumber 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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To better understand the obtained clusters, Figut@ plots the changes of the weighted
average caloriedn 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 steadilgy 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 mi@l980s but has picked up since the late 1990s. Wt 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 disrugpii in the1970s, the calod consumptiorseries of CL4
which is largely associated with uppmiddle-income countries (Peru, Chile, Thailand and Bangladesh
to name a few) recovered in the eakB880s and is approaching the level similar to the majorithef
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
reveds 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 theno@prising of only a small number of s&daharan African countries
(those with the membership proportions of over 60% include Cameroon, Senegal, Sierratheone)
cluster might represent diets of poor counttles were badly hit by the food crisis in the 1970s but
have taken advantage of thbalisation 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 associatiedCw8 has levelled off for
the past 15 years. Overall, what is clear from Figuié is that for the past two decades, all clusters
except CL3 have experienced more calorificsli€he fact that the most calorific cluster has ceased to
gain its caloriecontent 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
guantity of calories consumed but also about what type ofiealdr is therefore necessary to examine

this stabilising pattern with regard to dietary components.

222



3000
|

2800
|

Calories (kcal/person/day)
2400 2600
| |

2200
|

I I I I I I
1960 1970 1980 1990 2000 2010

Year

Figure 7.10 Weighted averagedaily per capita calories 19612013 (Lt , Trend analysis).

Next, the diet of CL3 is investigated felevenmain 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 dret make up the total calorie figure. Figutél
shows the energy contribution of these food groups in terms of deviation from the global average. The
horizontal axis runs from left to right, witteroindicating 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 Figiufel are examed for two sufperiods: 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 consumptiopuwé$es, 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 anirsalircefoods whilst low in cereals, roots and pulses, the diet of
CL3 carries main elements of theWe s t e exceptthé hagh adbnsumptiorof fish and vegetabe
On the other hand, it can be seen from the size of the bars between {payisds 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, sugsrvegetables, pulses and cereals. Thus, the stabilisation of the
per capita dailycalories during th@ast 15 years is mainly driven by both lower consumptions of less

healthy foods (animal fat, milk, and sugegind highe consumptions of healthier ones (fish and roots).
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Figure 7.11 Changes in dietary composition of CL3 (Trend analysis).

Tosumupthe6 Trend analysisdé identifies different
dietary trends among 118 countries. Regardless of the number of clugtedsigter analysis detects a
predominant trend monotonic rising calorie consumption over time whishexperienced by the
majority of the global population and another trend which is minor but ineludtaklgucing calorie
consumption. Increasing the number of clusters enables the largest cluster to be split up into various
dietaryevolutiors, 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 chanipesveighted
average calories helps to make sense of the clustering results. 8ettipgeveals 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 asumption shows evidence of progressing beyond Pattern 4 of the nutrition
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transition. Importantly, suchbehaviour is largely attributed to the lower consumption of less healthy
foods (animal fats, sugaand milk).

Of perhaps more concern is that thieest90% of global population appears to be on a trajectory
path of consuming an ev@rcreasing more calorific diet with no evidence of a slowdown. The largest
cluster, CL2, is only 100ilocaloriesless than CL3 in 2013 yet exhibits no signs of stabitinat
observedor CL3. Starting at the lowest level of calories half a century ago, this cluster is now at the
consumption level of CL3 in the mit990s. Extrapolating from this historical growth rate, CL2 would
likely overtake CL3 to become the most cdiorcluster inaboutt en year so6 ti me. The
of thisdiet 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 Indondgia pirealiction
that fAa third of the gl obal population wil!/ be
foundation(Global Panel on Agriculture and Food Systems for Nutrition 203&En the dietary origin
of obesity, the unceasingrisednal or i e consumption acts as an i mpo
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 represemwtsling.

Considering the curresituation CL2 and potentially others could overtake Ghthe future
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Fluctuation analysis: clustering variables are préfiltered data (detrended series}

Figure7.12 shows the values &S and XBcluster validity hdex calculated for the number of clusters

0 ranging from 2 to 10. The FS exhibits a strong upward tendency and its value consistently increases
whentv 1. This is a sign thathe FS value is likely to go up and reaches the peak of a very large

0O 0 p T thereforethe FS index cannot help to determine an optimal number of clusters. Turning

to the XB series, three troughs are observad at¢,0 v, andd . Comparing the smaller XB

values at these points reveals that the-tluster solution is the bepartition, followed by the five

cluster partition. Thereforelustering results related tao-cluster and fivecluster solutionsvill be

discussed subsequently
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Figure 7.12FS and XByvalidity ind ex valuesfor each cluster partition € from 2 to 10

(Fluctuation analysis).

Fixing 0 ¢, 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 populatio
It is worth mentioning that this division differs significantly from the 90:10 split observi@® T r e n d

3 The material contained in this section has been publishies ét al.(2020)
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anal ysi Bl8ilustiatesghe cluster representatives and the membership degrees of each country
belonging to two clusters. The membaepstiegree 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 wigh eq
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 largelgiassbwith CL1 with high
membership proportions whereas those in Western Europe and Southern Europe mainly belong to CL2.
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Figure 7.13 Cluster membership degrees , Fluctuation analysis).

Figure7.14 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 particuléine two series are closely resembled in shape and in level over
the period under examinatidnan unsurprising feature providing the somewhat 50/50 membership
proportion of most countries belonging to two clusters. From the practical perspective,kinis ali
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

seconedbest partition is often recommended éstlet al.2019a)
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Figure 7.14 Weighted averagedaily per capita calories 196:2013( L , Fluctuation analysis).

When0 v, 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. Figuigillustrates the clust 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, Austpgléars in CL3 and
CL5, the UK in CL1 and CL2.
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, 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 approximat@/Kk;8l/person/day, and the

rising speed is more robust after 1992. However, there was a noticeable dip im1®FAO/WHO

joint publication(WHO 2003, pp.1415), what happens to the calorie availability in early 1990s is
attributed to a decline in traition countries!The increase in the world average consumption would
but

have been higher

countries contribute to five clusters with roughly equal membership proportions divendepattern

for

t he decl i nes

i AS

t

he t

is observed for all five weighted average series. Since all clusters have become more calorific over time,

it seems thathe & |

uctuat.
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calorie consumption previoysseenirthe6 Tr end anal ysi s6. This finding
of the clustering variables which are fileered data (detrended series)fbe6 F|1 uct uat i on ana
and as a resylsome systematic information related to the continueliity of time series such as
direction (upward/downward) and speed of change is removed 4ifteriag.

Another important message from Figutd6 is that the gaps between calorie trajectories are
becoming narrower, indicating sigma convergence. Maedhis converging pattern is more evident
after 1990, suggesting a rise in the convergence speed in the last couple of decadeslbigls®
implies that countries with lower initial calories in 1961 tend to exhibit higher growth rates and
countriesare approaching towards a steatgte level (thed ¢ a t -a pdfecginbeta 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 fw@€L1 and CL3) in 2013. In particular, the
smallest average annual growth rate of CL1 (0.43%) gives evidence that clusters are converging towards

CL1 which can be described as the most calorific cluster.
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Figure 7.16 Weighted averagedaily per capita calories 196:2013( L , 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 charactesstf five clusters in terms alevenfood
23z



aggregates (meat (including eggs), animal fat, milk, sufjah, 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 tygic® s t e r with ldgh iatakés 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 sugegetable oils, fruits or vegetablesuld be
deemedasthé Tr adi t i GLdemjbys adieerictdin fish, vegetable oils, and vegetables. These
dietary characteristics resemble theMe d i t e r r. Regarding ClLd,imedt @f the calories come

from milk, sugas, pulsesand fruits wheras the energy contribution of cereals and vegetable oils
remains limited. This dietiscoingdTr opi caCL®dBd®tdi et emphasi ses star
based on animal fats and milk, thus is narded e g e t a rWhiterthe ldbels uséd hereeanerely
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 implicatiohthese major dietary types subsequently.
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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 overtperiod 196122013. A downward trend is evident in all
clusters but at varying speeds. Over the past 20 years, all dietstwo@pE r a d i t ihavenbedn di et 6
worsening sharply. Indeed, the declining rate is most rapid for the seemingly least hetdtt@Qrdtbe
other hand, the deterioration in MAIs seems to slow down after 1995 as compared to the historical
pattern inthe 1960s. Another striking feature from Figutd8is that the MAIs peaked up in 1975 for
all clusters. This could be due to two etieqrice effect and income effect. The former refers to a rise
in the price of some food commadities, hence lowering the consumption of unhealthy food (for instance
sugas). The latter refers to a fall in income, creating a shift towards cheaper foodsgfople cereals

or vegetables).
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Figure 7.18 Mediterranean Adequacy Index for the five clusters, 1962013.

An explanation for the declining healthiness of five dietary types is put forward in Fig9réll diets

are replacing carbohydrates with fat, equating with a move from-pée®d to animdbased foods and
providing evidence for thenutrition 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 arsmaice foods. Further, the declimeeinergy
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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.

Itis clearly observed from Figure 7.19 that all diets have behanedrenged in the same way.
While this uniform behavior is not unexpected from the nutritional point of view, some technicalities
are worth mentioninglhe clustering inputs for thEuctuationanalysis are detrended time series based
on not the level otalories, 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 simiamany aspects. While the analysis
solely utilises one variable total calorieavailability, fuzzy clustering is the best attempt to reflect the
different dynamics within each country. However, unless the clustering algorithm is explicitly spatial,

the ole of different spatial dynamics across geographies would not be sufficiently accounted for.
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As a pessimistic picture of deter&ing dietary healthiness emerges worldwide, a crucial
guestionto aski s : AfDo those dietaryofthangeseabufbl et wi bt
reveals rather optimistic news: rising life expectancy in all clusters. Nonetheless, the figbt&sEor
(healthyadjusted life expectancy) tell a different story: the world is enjoying shorter years living at
Afull h e abbrin Nowadaysfexprotsiwo gain somewhat five years as compared with babies born
at the start of the millenniunmeverthelesghese longer lives are predicted to be spent in poor health.

Even though poorer diet is certainly not everything to blame for,-veidging evidence points out that

globally over ondifth of all adult mortality being linked to dietary factaisfshin 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 ovalue

diet diet diet diet diet

LE? 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] >08

HALEP -5 -4.9 -4.9 -4.5 -4.8
0.501

(years at birth) [63.058.0]  [62.1:57.2]  [62.958.0]  [63.659.1]  [62.1-57.3]

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
representalues for the beginning and ending period.

* ** and *** denote statistical significance at the 10%, 5% and 1% level, respe@ively

achange between 20D13; change between 20aD15.

Data are retrieved from the World BafWorld Bank 2020e)

In summarythe6 Fl uctuation analysisd identifies five
calorie availability. Although the algorithm solely utilises the information on the patterns of changing
calorie consumption, the identified clusters match neatly digtinguished 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 &.reveals a decrease in calorie availability over the period for
approximately 10% of the study sample. On the other hand, thepaajees of the repeated measures
of ANOVA test in Table7.5 imply that the weighted average changes in both life expectancy and
healthyadjusted life expectancy among five clusters are not statistically different. Overall, the effect of

detrending is apparent.
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On a final note, aduster analysis is an explorayaool to summarise data meanindjuthere
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 XiBeni index)can offer some guidance ¢me optimal number of clusters
from a technical point of view. In thiesearchthese indices tend to suggest{woster solution being
the best clustering solutian terms of both interal homogeneity and external heterogenéftgt, 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 tcsayK=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? andif ey do, whi ch ones? Taking t
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 futtbpr spl
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 dfiag af sensitivity check.

7.4.2 Results of theCOFUST clustering algorithm

The empirical studyin Chapter 6discoves 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 @fucial importance to appropriately handle saatelationship if it

exists in the data.hus, motivated e second part ofihempirical analysis brings in trepatialcontext

and ains to identify agglomerations of countries characterised by similafityatterns 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 Averix
specified in the same fashion as the matrixwhich isthe only one to yield significant spatial linkages
among the proposed proximity measures. As discussed in Section 7.2.2, the clustering algorithm is
perfor med f Bprataicatlu atlr ednad-faa m(dle y Spicdst @ mtl @afd dpcrteuat i on
Although countries within the same cluster are required to be close in the degree of economic
development, thed [gatial trend analysisidentifies those with similar evolution in the calorie
consumption whereas the@atial fluctuation analysisdetectsthose with similar deviation from the

trend.



Spatial trend analysis

Figure 720 summarises values of the FS index calculated for the number of clustenging from 2
to 10 and fof from 1 (no spatial information) to 0.5. The reason for choosingauahge df values
is that the influence of spatial information is too highday value of lower than 0.3Disegnaet al.
2017) The FS trajectories show that the FS index is highest wheng for varyingf values,
suggesting twetluster solutiorbe 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 $mstind
partition s houdta2009%. Adcankbe seen(fr@droFgur@dche second peak in FS
trajectories seems to vary for different valugs ghakingit impossible to determine the optimal values
for 0 andf simultaneously.

In order to choose andf , the heuristic procedureantioned in Section 7.2i2 adoptedThe
optimal number of clusters is selected when no spatial information is considered (i.ep . Fixing
0, the value of that maximises the spatial autocorrelation among-glaster units is choseihis
approah allows the cluster formation to be largely based on the dependence among time series, and the
spatial information only findunes the final cluster partition, perhaps by some adjustments in the cluster

membership degrees.
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As can be seen irigure 720, the FS trajectory fadr

andvy

t o

10

and b from 1 to 0.5 (Spatial

p reaches the peaks@at cho 1

@, suggesting that twoluster partition is the best solution followed by faluster and six

cluster partitionsLet 0 take the value of 2, 4 and the Generalised Fuzzy Moran index is computed

for a range df from 1 to 0.5 to measure the spat@nporal autocorrelation among pa#tister units

in each scenario. The results are plotted in Figl28 7. The f i gureds

temporal autocorrelation is maximised when 1@ for two-cluster,]

andf

obtained from the following combinations ¢ andf
TR0 .

I

™, U

nspect.i

@ for four-cluster solution,
Tofor six-cluster solutionThus, the subsequent discussion will focus on the clustering results
tand T@® hO

¢ and

t

r

on

€



K=2 K=4 K=6

A\ N Y

0.54
1
0.49
]

048
|

0.50
1

0.46
1

045
1

0.575 0.576 0.577 0578 0.579 0580 0.581
1
.

0.5 0.6 0.7 0.8 0.9 1.0 0.5 0.6 07 0.8 0.9 1.0 0.5 0.6 0.7 0.8 0.9 1.0

Beta Beta Beta

Figure 7.21 Values of the Generalised Fuzzy Moran index fob ranging from 1 to 0.5.

Fixingv ¢, the COFUST algorithm returns two clusters (CL) of comparable sizes, each
represents approximatelyalf of the world poplation. Figure 22 illustrates the membership of
countries belonging to two clusters by the shade of blue: the darker the colour, the higher the
member ship proportion. I n each worl d map, t he
trajectory isthe 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 amtiwgsregions. 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 B.that cluster medoids change and the niche cluster which account for
only 8% 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 expesity 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 FRftie Considering
spatid information, the COFUST algorithm (in Figure23a) detects two clusters: one corresponds to
a monotonic increase of calorie consumption (CL1) similar to thespatial model and one to an
increase with a dip (CL2). Specifically, the difference betw€e@ in the spatial and nespatial
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
witnessingfalling 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
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similarity in the historical trersdbut also consider those witlbmparable 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 (Lt )

— Without spatial informationfy(= 1) With spatial informationf{= 0.7)
Medoid World population (%) Medoid World population (%)
CL1 China 93.7 Honduras 55.1
CL2 Zimbabwe 6.3 Trinidad and Tobago 44.9
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Figure 7.22 Cluster membership degrees wherk and 5 8.
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(a) With spatial information
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Figure 7.23 Weighted averagedaily per capita calories 19612013 (L and » 8).

Regarding the foucluster solution, Table 7.summarises the clustering results. All cluster
medoids change whehe spatial information is considered. CL1 accounts for the majority of the world
population, CL3 is the second largest cluster whereas GILZh4 are niche clustefseach represents
about 3% of the global population. The geographical distribution of membership degrees of each
country along with the cluster medoids is illustrated in Figu?d. 7There is a concentration of high
membership pramtions 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 (CCapaata 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 roughB0-50 membership proportion. When the sptoe clustering
algorithm is performed, one would expect to see the influence 6f ¢he @ the final cluster solution,

i.e. countries with similar incomes tend to be grouped together. This feature issedtriassome
clusters. To illustrate, CL3 is made up of many Northern and Western European countries (say the UK,

Norway) and their higtincome peers (Japan, New Zealand, Canada to name a few). Yet, exceptions
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are spotted for example Bulgaiiaa middleincome country is mainly associated with CL4 alongside
some lowincome countries (say Afghanistan or Madagaschus, the inclusion ofthe 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 (Lt ).

- Without spatial informationf(= 1) With spatial informationf{= 0.5)
uster
Medoid World population (%) Medoid World population (%)
CL1 China 73.8 Germany 50.5
CL2 Ghana 13.4 Namibia 25
CL3 Iraq 8.6 El Salvador 43.8
CL4 Zimbabwe 4.2 Zambia 3.2
g .//
< .v."%‘ ¢ ‘; [ .
4 ’ Germany
| S ;. >
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Figure 7.24 Cluster membership degrees wherk and 8.

To better understand the four clusters obtained by the $ipaeealgorithm, the trajectories of
calorie consumption are plotted together in Figui2sal. Compared with the twoluster solution,
raising the number of clustewsto 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 highalorie diet (CL3) whose calorie content has increased dramatically while
four in ten individuals experience a diet (CL1)tthsolves 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 stavalyp s
in the early 1990s at a more or less similar speed with the majority. Furthermore, since CL2 comprises

of a small number of suBaharan African countries such as Angola, Chad, Zimbabwe with the
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membership proportion of over 60%, this cluster migsemble 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 d6odd
cdorific 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 aabdsit to converge with the calorie level of

CL2. Interestingly, this pattern is not observed in FiguBsly¥ in which clusters share the common

theme of surging calorie consumption (to distinct levels) since thel 886s.
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Figure 7.25Weighted averagedaily per capita calories 196%2013(LL and » 8).

Fixingu @, the COFUST algorithm identifies six clusters of varying sizes. The cluster
characteristics are shown in Tabl8.7xcept for CL35, the medoids related to other clusters remain
unchangedvhenthe spatial information is incorporatgddowever some adjustments regarding cluster

sizes are observed. Similar to the previous two scenarios, a large cluster (CL2) acdoutimyt
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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 ealkister. 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 thanitéd Statesthe Lhited Kingdom Norway and Brazil. The
number ofcountries 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 Natlds, Japan and Mediterranean countries.
Here, the influence othe spatial information is found in the fuzzy cluster membership degree. To
illustrate, the norspatial algorithm in Chapter 6 assigns Switzerland and Afghanistan to CL6 both with
high membeship proportions (64% and 95% respectively); however, the spatial algorithm dramatically
reduces the membership degree of Afghanistan to 54% while maintaining the high membership of
Switzerlandln this analysig, is chosen at 0.9, which indicates to soaxtent that clusters are defined
based®0% 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 thepatiah
algorithm, and thespatial information fingunes 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 Lt

— Without spatial informationf(= 1) With spatial informationf{= 0.9)
Medoid World population (%) Medoid World population (%)
CcL1 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 211
CL5 Iraq 6.1 Zambia 14
CL6 Zimbabwe 3.0 Zimbabwe 2.6
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Figure 7.26 Cluster membership degrees wherk and 8.
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